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Robert W. Palmatier, Cheryl Burke Jarvis, Jennifer R. Bechkoff, 4 
Frank Р. Kardes 


The Role of Customer Gratitude in 
Relationship Marketing 


Most theories of relationship, marketing emphasize the role of trust and commitment in affecting performance 
outcomes, however, a recent meta-analysis indicates that other mediating mechanisms are at work Data from two 
studies—a laboratory experiment and a dyadic longitudinal field survey—demonstrate that gratitude also mediates 
the influence of a seller's relationship marketing investments on performance outcomes Specifically, relationship 
marketing investments generate short-term feelings of gratitude that drive long-lasting performance benefits based 
on gratitude-related reciprocal behaviors The authors identify a set of managerially relevant factors and test their 
power to alter customer perceptions of relationship marketing investments to increase customer gratitude, which 
can make relationship marketing programs more effective Overall, the research empirically demonstrates that 
gratitude plays an important role in understanding how relationship marketing investments increase purchase 
intentions, sales growth, and share of wallet 


Keywords gratitude, reciprocity, relationship marketing, customer relationship management, loyalty programs 


The sentiment which most immediately and directly 
prompts us to reward, 1s gratitude 
—Adam Smith 


any researchers and managers maintain that one of 
the key goals of marketing 1s to build and sustain 


strong customer relationships (Bagozzi 1995, De 
Wulf, Odekerken-Schroder, and Iacobucci 2001, McKenna 
1991) A large body of research in both business-to- 
consumer (B2C) and busmess-to-busmess (B2B) markets 
establishes empirically that relationship marketing (RM) 
1nvestments enhance both customer trust and commitment, 
and ın turn these relational mediators influence customer 
behaviors, leading to superior seller performance (Moor- 
man, Zaltman, and Deshpandé 1992, Morgan and Hunt 
1994, Sirdeshmukh, Singh, and Sabol 2002) This well- 
supported commitment-trust theory of RM has served as 
the default model for most relationship research 1n the past 
decade, such that RM encompasses all activities directed 
toward establishing, developing, and maintaining successful 
relational exchanges (Morgan and Hunt 1994) 
However, a meta-analysis based on more than 38,000 
relationships that tests the commitment-trust-mediated 


Robert W Palmatier is John С Narver Endowed Chair in Business Admin- 
istration and Associate Professor of Marketing, Michael G Foster School 
of Business, University of Washington (e-mail palmatrw@u washington 
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model of RM reveals a surprising finding, namely, RM 
investments have a direct effect on seller objective perfor- 
mance outcomes that 1s actually greater than the effect 
mediated by trust and commitment (Palmatier et al 2006) 
Although the meta-analysis confirms prior research by pro- 
viding support for the roles of trust and commitment, its 
finding also suggests that the extant RM model 15 missing 
one or more important mediating mechanisms that 
researchers need to understand to appreciate the 1mpact of 
RM on performance Similarly, a recent longitudinal study 
of 1nterorganizational relationship performance reveals that 
seller relationship investments have a direct effect on seller 
sales performance, unmediated by customer trust, commut- 
ment, or relational norms, and 1t suggests that researchers 
should investigate “other possible mediating mechanisms 
(eg, reciprocity, exchange effectiveness, gratitude)” 
(Palmatier, Dant, and Grewal 2007, p 186) Therefore, the 
primary focus of this research ts to advance RM theory by 
identifying and testing an additional mechanism to explain 
how RM investments lead to improved performance beyond 
the known roles of trust and commitment This study 
addresses a key question What other mechanisms make 
RM effective at improving seller performance? 

We propose that gratitude, the emotional appreciation 
for benefits received, accompanied by a desire to recipro- 
cate 1s an 1mportant construct for understanding RM effec- 
tiveness (Emmons and McCullough 2004, Morales 2005) 
Relationship marketing 1nvestments (e g , when a seller pro- 
vides extra effort, adapts policies, and provides small favors 
or considerations, such as meals, gifts, or personalized 
notes) generate customer feelings of gratitude, which lead 
to gratitude-based reciprocal behaviors, resulting in 
enhanced seller performance Thus, from an RM perspec- 
tive, both affective (feelings of gratitude) and behavioral 
(gratitude-based reciprocal behaviors) aspects of gratitude 
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play roles in understanding RM effectiveness Although 
marketing research on gratitude 15 noticeably absent 
(Morales 2005), many researchers note the importance of 
the principle of reciprocity tor КМ (Bagozz1 1995; Houston 
and Gassenheimer 1987) However, extant conceptualiza- 
tions either begin with the reciprocity principle as a starting 
point or suggest that reciprocity norms develop over time to 
drive behaviors (De Wulf, Odekerken-Schroder, and 
Iacobucci 2001, Wiener and Doescher 1994) Neither of 
these approaches offers insight into the potentially 1mpor- 
tant underlying causal element of gratitude, which may be 
responsible, at least in part, for observed reciprocating 
behaviors This argument is consistent with researchers’ 
contention that gratitude represents reciprocity’s “emotional 
core” (Emmons 2004, p 12) 

Researchers across many disciplines have recognized 
that after receiving a benefit (е g , RM investments), people 
feel an ingrained psychological pressure to reciprocate, 
such that the act of reciprocating can generate pleasure, 
whereas the failure to repay obligations can lead to guilt 
(Becker 1986, Buck 2004, Dahl, Honea, and Manchanda 
2005) Therefore, people seem to be “hardwired” to repay 
others who provide them some benefit through emotional 
reward systems The ubiquitous role of gratitude ın how 
people perceive, feel about, and repay benefits gained in the 
exchange process makes gratitude a prime candidate for 
explaining how RM affects performance, beyond the influ- 
ence of trust and commitment For example, Komter (2004, 
p 195) argues that gratitude 18 “an imperative force, a force 
that compels us to return the benefit we have received 
[and] part of the chain of reciprocity” The most effective 
RM programs probably tap into this force, resulting 1n cus- 
tomer “repayment,” but surprisingly this "imperative force" 
1s not captured in extant theories or models of RM 

Overall, this research makes three key contributions 
First, we propose and empirically demonstrate that grati- 
tude 1s an important missing mediator in the extant RM 
model (Morgan and Hunt 1994), one that influences perfor- 
mance outcomes beyond the contributions of trust and com- 
mitment Indeed, the results demonstrate that only when we 
include gratitude in the RM model, parallel to trust and 
commitment, is the influence of RM on performance out- 
comes fully mediated 

Second, we develop a theoretical framework that inte- 
grates gratitude 1nto the nomological network of RM, and 
we empirically demonstrate its effect ın two separate stud- 
1es A laboratory experiment focused on a B2C context 
demonstrates that RM investments generate feelings of grat- 
itude (affective aspect), which have a strong influence on 
customers’ short-term purchase intentions A second study 
uses a dyadic sample from a B2B context to link customer 
reports of gratitude-based reciprocal behaviors (behavioral 
aspect) to seller-reported objective performance data (1e, 
sales revenue) and longitudinal sales growth Taken 
together, these two studies provide insight into the 1mpor- 
tant role of both affective and behavioral aspects of grati- 
tude 1n understanding how RM investments drive seller per- 
formance The design of these studies also provides 
persuasive evidence of the internal validity of the proposed 
theoretical model, the external validity of the findings 
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across different research and customer contexts, and the 
causal linkage between gratitude and future performance 
outcomes 

Thud, we identify and empirically test both customer 
and seller factors that leverage the impact of RM 1пуез!- 
ments on gratitude and, ultimately, on seller outcomes, 
while showing that these same factors do not have equiva- 
lent effects on trust or commitment Researchers have sug- 
gested that the level of felt gratitude depends on many fac- 
tors related to how the recipient perceives the disposition of 
the benefit (Morales 2005, Tsang 2006) For example, if the 
customer perceives the benefit as being provided at the dis- 
cretion of the seller, with a benevolent motive, or with some 
risk to the seller, he or she should feel more grateful and be 
more likely to reciprocate By demonstrating that specific 
factors leverage RM investments only through gratitude, we 
highlight the need to integrate gratitude into models of RM 
and provide managers with guidelines for delivering RM 
programs in ways that enhance performance In a trust— 
commitment model that does not incorporate gratitude, 
these moderating factors would be judged as irrelevant to 
RM effectiveness (at least empirically) 


Conceptual Background of 
Gratitude 


Gratitude 1s a fundamental social component of human 
interactions that provides an emotional foundation for reci- 
procal behaviors Gratitude also has been conceptualized as 
a force that helps people maintain their reciprocal obliga- 
tions (Gouldner 1960), a sort of inertia that causes relation- 
ships to maintain their prosocial orientation. (Schwartz 
1967), and an important link that supports the chain of reci- 
procity (Simmel 1950) Evolutionary psychologists even 
argue that feelings of gratitude, pleasure in reciprocating, 
and guilt for failing to reciprocate represent well-developed, 
genetic-based “systems” that support reciprocal and cooper- 
ative behaviors (Becker 1986, Trivers 1985) Through 
mutual giving, people become tied to what has been 
described as a “web of feelings of gratitude” (Komter 2004, 
p 203) For centuries, gratitude has represented an essential 
ingredient to theories about social relationships and recipro- 
cal behaviors across a variety of disciplines (Bartlett and 
DeSteno 2006), which makes gratitude’s absence in RM 
theories especially notable 

Researchers have identified two key aspects of grati- 
tude affective and behavioral The affective component 
refers to feelings of gratitude generated when people “рег- 
ceive themselves to be the recipient of an intentionally ren- 
dered benefit” (Emmons 2004, p 9), a relatively “short- 
term state” (Ben-Ze’ev 2000, p 89) Feelings of gratitude 
generate an ingrained psychological pressure to return the 
favor As Becker (1986, p 73) states, “people everywhere 
do ‘feel’ such obligations The mere recognition of a 
benefit seems to generate a sense of obligation to repay” 
The ability to feel gratitude 1s so ubiquitous to society and 
cultures that 1 absence in an individual indicates a 
sociopath (Buck 2004) 

The behavioral component pertains to the actions stem- 
mung from feelings of gratitude Thus, 1t represents the act 


of giving 1n return, which helps create a cycle of reciprocity 
between giving and countergiving and contributes to the 
ongoing construction of a relationship (Bartlett and 
DeSteno 2006, Emmons and McCullough 2004) Schwartz 
(1967, р 8} argues that the close link between feelings of 
gratitude and reciprocal behaviors 1s responsible for the 
relational strengthening cycle, referring to 1t as a “continu- 
ing balance of debt—now 1n the favor of one member, now 
in the favor of another—[that] insures that the relationship 
between the two continue, for gratitude will always consti- 
tute a part of the bond linking them” Becker (1986) also 
suggests that reciprocal transactions are a source of pleasure 
in and of themselves, independent of how highly the par- 
ticipants prize the exchange items, which supports the 
ingramed motivating force of feelings of gratitude and 
gratitude-based reciprocal behaviors 

Consideration of both affective and behavioral aspects 
18 Important to understand gratitude's role in RM Thus, we 
define the affective aspect of gratitude, or feelings of grati- 
tude, as feelings of gratefulness, thankfulness, or apprecia- 
tion for a benefit received We define the behavioral aspect, 
or gratitude-based reciprocal behaviors, as actions to repay 
or reciprocate benefits received in response to feelings of 
gratefulness (Emmons and McCullough 2003, Morales 
2005) 

Few marketing studies have investigated the role of feel- 
ings of gratitude on customer behavior Morales (2005) 
finds that such feelings motivate consumers to reward firms 
for their extra effort and mediate the effects of perceptions 
of seller effort on consumer behavior Similarly, Dawson 
(1988) indicates that benefits received and the resultant 
feelings of indebtedness (1e, gratitude) provide a signifi- 
cant motive for charitable giving Gratitude 1s essential for 
theories from various disciplines regarding how social rela- 
tionships may be built and preserved (Bartlett and DeSteno 
2006), though the field of marketing 1s not alone in its 
neglect of the construct 1n empirical tests McCullough and 
colleagues (2001) note that psychology research either 
ignores gratitude or confounds it with other constructs 
When included in studies, the measure of gratitude typically 
revolves around a vocabulary of “thankfulness,” “grateful- 
ness,” or “appreciation” (Storm and Storm 1987) Emo- 
tional feelings of gratitude 1п response to a favor or benevo- 
lence received are different from the norm of reciprocity, an 
internalized social norm that consists of the belief that if 
someone helps you, you must help them 1n return, and vice 
versa (Perugini et al 2003) Thus, it 15 1mportant to distin- 
guish between (1) a person's behavior 1n response to nor- 
mative pressure, which results from being socialized to 
expect certam behaviors over relatively long periods of 
time, and (2) a person's gratitude-based reciprocal behav- 
1015 1n response to his or her emotions and feelings of 
gratitude 

In addition to the limited use of emotional gratitude in 
marketing, to our knowledge, no marketing studies have 
considered the role of gratitude-based reciprocal behaviors 
on seller performance, though many researchers have dis- 
cussed the role of "reciprocal behaviors" on the basis of a 


norm of reciprocity or from a principle of reciprocity per- 
spective For example, Bagozzi (1995, р 275) puts reci- 
procity at “the core of marketing relationships,’ Houston 
and Gassenheimer (1987) note that reciprocity turns trans- 
actions into exchange relationships, and Nevin (1995) 
places reciprocity at the core of the relationship formation 
process However, this research typically begins the concep- 
tual argument with reciprocity, which prevents an under- 
standing of the theoretical role of gratitude 1n producing the 
observed reciprocating behaviors (Bagozz1 1995, De Wulf, 
Odekerken-Schroder, and Iacobucci 2001, Houston and 
Gassenheimer 1987) 

Thus, we propose that viewing feelings of gratitude as 
reciprocity’s “emotional core” (Emmons 2004, p 12) offers 
a theoretical richness that gets lost 1f we only measure the 
customer’s behavioral outcome without consideration of the 
psychological process involved For example, arguing that 
customer behaviors are due to a reciprocity principle or 
norm, while ignoring the underlying role of gratitude, pre- 
vents an investigation of (1) the factors that may leverage a 
customer’s feelings of gratitude and thus increase the effec- 
tiveness of RM, (2) the temporal differences between emo- 
tions and norms, which might lead to “windows of opportu- 
nity” for higher rates of reciprocation at certain times in 
the exchange process, or (3) the underlying mediating 
mechanisms 

However, if feelings of gratitude resulting from a 
seller’s RM are relatively short-term emotions that decay, 
how do these feelings lead to improved long-term perfor- 
mance? To answer this key question, we investigate RM 
episodes or cycles For example, a customer perceives a 
benefit from a seller’s RM effort, which generates feelings 
of gratitude toward the seller (conscious or unconscious), 
and ш response, the customer takes action (gratitude-based 
reciprocal behaviors) to repay the seller This cycle could 
“pay off" for the seller in a single episode, but m ongoing 
relationships (eg, typical B2B exchanges) multiple 
episodes of RM — feelings of gratitude — gratitude-based 
behaviors accumulate and lead to a lasting improvement їп 
the seller’s performance 

In Table 1, we summarize illustrative articles from our 
review of marketing literature on gratitude and reciprocity, 
which reveals some important pomts First, few studies link 
feelings of gratitude to a customer’s motives to reciprocate 
or test factors that may leverage these links Second, many 
conceptual and empirical articles refer to reciprocity or rec- 
iprocal behaviors as the theoretical basis for RM without 
delving into the psychological mechanisms that may under- 
lie reciprocity-based behaviors Third, only a few marketing 
studies explicitly define, measure, or empurically test the 
role of gratitude or reciprocity Fourth, no studies theoreti- 
cally or empirically integrate the affective and behavioral 
aspects of gratitude into a nomological model of RM 

In summary, this review suggests that gratitude repre- 
sents a likely candidate for the "missing mediator" uncov- 
ered ın a recent meta-analysis (Palmatier et al 2006) In 
addition, gratitude may provide an explanation of the direct 
effect of relationship investments on seller performance in 
the extant commitment-trust RM model 
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TABLE 1 
Marketing Research on Gratitude and Reciprocity 
Ne = ИЕ БР 


Reference Context Measurement Theoretical Positioning of Constructs 
Bagozzi (1995) Conceptual Not measured Reciprocity is an essential feature of RM "I feel it is at 
the core of marketing relationships” (p 275) 

Cialdini and Conceptual Not measured Reciprocity ts one of the six basic psychological 
Rhoads (2001) principles that underlte successful influence tactics 

Dawson (1988) Consumer Reciprocity measured as Past benefits received and feeling of indebtedness (е, 

charitable past benefits received and gratitude) provide motives for charitable giving 
giving feelings of indebtedness 

De Wulf, Retail Not measured Uses reciprocity principle as the underlying “theory” to 
Odekerken- support empirical test of the impact of consumers’ 
Schroder, and perceptions of relationship investments on relationship 
lacobucci quality (1 e , trust and commitment) 

(2001) 

Houston and Conceptual Not measured Reciprocity is a process that transforms exchange 
Gassenheimer events into exchange relationships Reciprocity takes 
(1987) different forms depending on the social distance 

between exchange partners (generalized, balanced, or 
negative reciprocity) 

Johnson and Sohi B2B Reciprocity measured as Treats reciprocity as an outcome of connectedness 
(2001) willingness to do a favor, between interfirm boundary spanners 

expectation that partner will 
do a favor, and feelings of 
obligation 

Morales (2005) Consumer Measures gratitude using Support for premise that feelings of gratitude motivate 

average of “grateful” and consumers to reward firms for extra effort (1e , gratitude 
"appreciative" feelings mediates effects of sellers effort on consumers' 
behavior) Consumers' perceptions of seller's motive 
moderate feeling of gratitude 

Nevin (1995) Conceptual Not measured Proposes that interorganizational "relationship formation 

IS based on reciprocity" and states that "the reciprocity 
model for relationship formation fits well with the 
concepts of relational exchange and [РМ] (p 331) 
Rao and Perry Conceptual Not measured From a content analysis of RM literature, they suggest 
(2002) that reciprocity's "importance is becoming more 
recognized recently" (p 601), in addition to the role of 
trust and commitment, in understanding the 
effectiveness of RM 

Wiener and Electric utility Not measured Uses norms of reciprocity as the theoretical rationale for 
Doescher customers why consumers are motivated to cooperate by the 
(1994) knowledge that others intend to cooperate 


————————— ——— a M—  ——— MH — 


Hypotheses 


Our conceptual model replicates a traditional RM model in 
which trust, or confidence in a partner’s reliability and 
integrity, and commitment, or an enduring desire to main- 
tain a valued relationship, mediate the effects of RM шуез!- 
ments—that 1s, activities to build and maintain strong cus- 
tomer relationships—on seller performance outcomes 
(Moorman, Zaltman, and Deshpandé 1992, Morgan and 
Hunt 1994, Palmatier et al 2006) We do not formally 
hypothesize these paths, though we test them empirically as 
a replication However, we hypothesize and test the role of 
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gratitude (both affective and behavioral aspects) as a miss- 
ing mediator for the effects of RM on performance out- 
comes, parallel to trust and commitment (see Figure 1) 
Feeling gratitude 1s a typical affective response when a 
person receives “benevolence” from another, which then 
motivates the recipient to reward the giver and increases 
compliance with any subsequent requests (Goe1 and Boster 
2005, McCullough et al 2001) Inherent in the concept of 
gratitude 1s the idea that benevolence 1s given with inten- 
tion, whereas gratitude has been described as an “emotion 
with an attribution” (McAdams and Bauer 2004, р 88) Lat- 
erature on early childhood development has suggested that 


FIGURE 1 
Role of Customer Gratitude in RM 
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a prerequisite for the experience of gratitude 1s a theory of 
mund that allows a person to understand that other people 
are intentional beings whose actions are motivated by desire 
and belief (McAdams and Bauer 2004) If an action 1s unin- 
tentional, 1t generates little gratitude (Bonnie and De Waal 
2004) To experience feelings of gratitude, the recipient 
must recognize that benevolence 1s intentional and, more- 
over, attribute good intentions to the giver (Gouldner 1960) 
Therefore, a customer’s recognition of a seller’s intentional 
RM activities will generate attributions regarding the 
motives of the giver, engaging the customer’s emotional 
systems, leading to feelings of gratitude on the part of the 
customer, and increasing intentions to repay the seller Cus- 
tomers act on their desires to repay the sellers by engaging 
1n gratitude-based reciprocal behaviors Prior research has 
shown that consumers satisfy their sense of obligation and 
feelings of gratitude by changing their purchase behavior 
(Dahl, Honea, and Manchanda 2005, Morales 2005) 

In an exchange context, as a customer becomes aware of 
receiving some RM benefit (е g , extra effort, small cour- 
tesy, gift), he or she should feel grateful and be more likely 
to buy from the seller during this encounter, recognizing 
that this feeling will decay over time (Kolyesnikova and 
Dodd 2008, McCullough, Tsang, and Emmons 2004) In 
long-term exchange relationships based on a series of RM 
activities across many transactions, customer feelings of 
gratitude may ebb and flow but should result 1п various 


gratitude-based reciprocal behaviors that positively affect 
sellers’ performance outcomes Different exchange contexts 
may provide a range of opportunities for customers to 
engage in gratitude-based reciprocal behaviors, such as 
buying other products/services from the seller (higher share 
of wallet), reducing pressure on the seller to lower prices, or 
giving sellers opportunities to respond to competitive offers 
Thus, we hypothesize the following 


H, Relationship marketing investments positively affect cus- 
tomers’ (a) feelings of gratitude and (b) gratitude-based 
reciprocal behaviors 

H, Customers’ feelings of gratitude positively affect cus- 
tomers’ purchase intentions 


H3 Customers’ gratitude-based reciprocal behaviors posi- 
tively affect seller performance outcomes 


We also propose that gratitude does not act 1ndepen- 
dently of trust and commitment, it 1s not completely discon- 
nected from these more cognitively focused constructs 
Emotion and cognition are tightly intertwined, and decision 
making 1s often less rational than might be expected (Fitzsi- 
mons et al 2002) Emotions are central 1n effective human 
functioning (Tomkins 1970) and play important roles in 
facilitating cognitive functions 1n relationship development 
(Young 2006) A large body of empirical research repeat- 
edly shows that integral emotional responses (1 е, elicited 
by perceived features of the target object, not mood states) 
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play a major role in people's evaluations of, decisions 
about, and behavior toward objects, even if the attributes of 
the objects remain constant (for reviews, see Forgas and 
George 2001, Pham 2007) Thus, affect—defined as both 
moods and integral emotional responses—is an essential 
element of experience, furthermore, thinking and behavior 
do not take place ш an affective void but rather are inti- 
mately connected to how a person feels Emotions influence 
the content of cognition, including the information that 
people recall, attend to, select, learn from, and interpret 
(Forgas and George 2001) Although 1t 1s beyond the scope 
of this study to delve into the process by which emotions, 
such as gratitude, influence judgments, such as trust, we can 
draw from prior research to provide explanations for why 
there might be an effect of gratitude on trust 

Because feelings affect judgments, people often decide 
whether they can initially trust someone by examining the 
feelings they have toward that person (Jones and George 
1998) Algoe, Haidt, and Gable (2008) find that gratitude 
for benefits received increases a receiver’s perceptions of 
the giver, including emotional responses (e g , liking, close- 
ness, how well the giver “understands” the recipient) Thus, 
if gratitude increases positive emotional responses, it also 
should improve perceptions of that person's trustworthi- 
ness Altrutstic behavior provides an attributional basis for 
affect-based trust, because trust 1s founded on emotional 
bonds, including when people express genuine care and 
concern for the welfare of others (McAllister 1995), such as 
through the delivery of a valuable benefit (е 2, RM) 
Evaluations of trustworthiness also depend on expectations 
about the target’s future behavior (Mayer, Davis, and 
Schoorman 1995) According to recent research, gratitude 
has a significant, positive effect on one person's evaluation 
of another’s trustworthiness, which results in higher levels 
of trust (Dunn and Schweitzer 2005) Dunn and Schweitzer 
(2005) further argue that trusters must rely on their percep- 
tions of the trustee's characteristics (e g , ability, 1ntegrity, 
benevolence) to develop expectations about the trustee's 
future behavior, and positive emotions, such as gratitude, 
significantly 1nfluence these perceptions and thus 1ncrease 
trust 

In addition, Young (2006) argues that gratitude 1s a 
relationship-sustaming emotion, with an important impact 
on maintaining trust п a relationship Because customers 
and sellers participate 1n many cycles of reciprocation, cus- 
tomers receive important evidence of seller behaviors, 
which increases their confidence in the seller’s future 
actions (Doney and Cannon 1997) Thus, customers in 
exchange relationships with higher levels of gratitude-based 
reciprocal behaviors should have higher levels of trust In 
turn, we hypothesize the following 


H, Customers’ (a) feelings of gratitude and (b) gratitude- 
based reciprocal behaviors positively affect customer 
trust 


We next address a set of conditions that might 1ncrease 
the effects of RM investments on a customer's feelings of 
gratitude Existing literature suggests several perceptions 
about RM investments that can leverage their effects on 
gratitude and thus improve performance outcomes Specifi- 
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cally, we propose four potential moderating factors cus- 
tomer perceptions of (1) the amount of free will the seller 
has in making the investment, (2) the seller's motives in 
making the investment, and (3) the amount of risk the seller 
takes in making the mvestment, as well as (4) the cus- 
tomer's need for the benefits received The effects of these 
four moderating factors should be especially 1mportant to 
managers because the overall return on an RM investment 
depends somewhat on customers’ perceptions of these fac- 
tors In some cases, the customer's level of gratitude may be 
determined largely by the way the program 15 delivered, 
framed, and timed rather than by the actual cost of the RM 
program Thus, the return on RM investments may be 
highly sensitive to customers’ attributions of free will, 
motive, and risk ın providing the RM benefit, as well as to 
the seller’s timing of the RM program Because the seller 
has control over the delivery and timing of the RM pro- 
grams and these factors offer “free” ways to leverage the 
seller’s RM investments, they should be especially relevant 
to managers 

First, when people do something of their own accord, 
they act on their own free will Examples of free will (ver- 
sus contractual behavior) might include giving an unex- 
pected gift or performing a random act of kindness An RM 
investment should generate higher levels of gratitude if ıt 15 
made noncontractually For example, if an employee's 
salary 15 set to increase next year, as specified by a labor 
contract, the employee may be less inclined to thank his or 
her boss for receiving the increase However, if the boss 
offers a raise just because he or she believes that the 
employee 15 doing a great job, the employee likely feels 
more grateful because the boss was not contractually oblig- 
ated to give ıt Recipients of discretionary investments tend 
to feel more grateful, 1n contrast, contractual, role-based, or 
persuasion-based investments decrease feelings of gratitude 
(Morales 2005, Tsang 2006, Wood et al 2008) People feel 
most grateful to benefactors when they perceive the positive 
behaviors as falling within the benefactors’ volitional con- 
trol (Weiner 1985) Thus, when customers perceive RM 
investments as an act of free will, they feel more grateful 
than when they perceive the actions as duty-based obliga- 
tions or contractual requirements (Gouldner 1960, Malhotra 
and Murmghan 2002, Roberts 2004) 

The second factor pertains to the customer's perception 
of the seller's motive A motive represents a desire or need 
that 1ncites action, and people often ponder others' motives 
for action For example, when a child comes home and ran- 
domly complements his mother on her beauty, the mother 
probably responds by asking, “How much do you need?" or 
“What did you do?" Customers’ inferences about motives 
play key roles in their perceptions of marketers’ actions 
(Campbell and Kirmam 2000), such that they may experi- 
ence gratitude when they perceive favors as coming from 
sellers with benevolent intentions rather than underlying 
ulterior motives (Gouldner 1960, Tsang 2006, Weiner, Rus- 
sell, and Lerman 1978) Tesser, Gatewood, and Driver 
(1968) demonstrate in laboratory scenarios that perceptions 
of benevolent versus self-serving motives significantly 
affect the amount of gratitude a recipient of a favor or gift 
feels, and Tsang (2006) uses survey data to demonstrate that 


gratitude for favors given with ulterior motives 1s half that 
felt for favors given with benevolent motives Thus, the cus- 
tomer’s view of the seller's motive for an investment likely 
affects the gratitude he or she feels and, in turn, affects 
future behavior Behaviors based on ulterior (versus benev- 
olent) motives are less appreciated and less likely to 
strengthen gratitude 

The third factor 1s the perception of the amount of nsk 
the seller undertakes in providing the relationship invest- 
ment Relationship building often begins with an investment 
(е g , time, effort), and in a noncontractual context, the per- 
son who initiates the investment often does so at a cost 
Along with this cost, the person experiences risk ın the form 
of the subjective possibility that the mvestment will not lead 
to reciprocated behavior (Chiles and McMackin 1996) 
Typically, buyer-seller relational exchanges begin with an 
investment that 1s costly and carries some risk to the seller 
(e g , costs will not be recouped) As the customer perceives 
higher levels of seller risk 1n making the RM investment, ће 
or she should feel more obligated and grateful toward the 
seller, 1n recognition of the seller's vulnerability 1n making 
the investment (Ostrom and Walker 2003, Wood et al 
2008) 

Consider the situation ın which a job candidate from out 
of town asks a real estate agent to provide a day-long tour 
of homes ın the area, under the assumption that the job can- 
didate will buy a home there if he or she takes the job The 
agent 1s taking a risk in investing time in that potential 
buyer because the buyer may not get or take the job offer 
and thus will never move to that city The prospective buyer 
should recognize the risk the relationship investment 
demands of the real estate agent and thus feel grateful In 
turn, if the prospective buyer accepts a Job in the area, he or 
she 1s more likely to use that agent's assistance 1n purchas- 
mg a home or, perhaps, to recommend the agent to others 
who might be moving there 

Fourth, the customer's perceived need for the received 
benefit should affect his or her gratitude Appreciating 
something (eg, event, person, behavior, object) involves 
noticing and acknowledging its value or meaning and feel- 
Ing a positive emotional connection to 1t (Adler and Fagley 
2005) Most people are grateful for a gift, especially when 
that gift contains value, though the perceived value of and 
gratitude for a gift increase when the gift represents a 
needed item Need refers to the condition in which a person 
requires or desires something, such that when a need exists 
(versus when there 15 no need), the pertinent item ог situa- 
поп entails greater value When a recipient obtains an пет 
with such value, his or her gratitude increases (Algoe, 
Hardt, and Gable 2008, Tesser, Gatewood, and Driver 1968, 
Tsang 2006, Wood et al 2008) As Gouldner (1960, p 171) 
states, "The value of the benefit and hence the debt 1s in 
proportion to and varies with—among other things—the 
intensity of the recipient’s need at the time the benefit was 
bestowed” Therefore, we hypothesize the following 


Hs Gratitude for an RM investment increases as the cus- 
tomer’s perception of (a) the seller’s free will, (b) the 
benevolence of the seller’s motives for the investment, and 
(с) the risk to the seller їп making the investment 


increases and (d) as the customer's need for the benefit 
received increases 


Study 1: Experimental Design 


Overview 


We conduct two studies to test the proposed hypotheses, 
both of which evaluate the mediating role of gratitude (the 
affective component ın Study I and the behavioral compo- 
nent in Study 2) for the effects of RM investments on seller 
performance outcomes, 1n parallel with trust and commit- 
ment The first study uses a laboratory experiment ın a B2C 
context to 1solate the effects of feelings of gratitude on cus- 
tomer purchase intentions, an emotion that should operate 
within a relatively short time horizon Moreover, we evalu- 
ate the four factors posited to heighten levels of gratitude 1n 
Study 1 To analyze the results of Study 1, we employ both 
structura] equation modeling (SEM) and analysis of vari- 
ance (ANOVA) to take advantage of the strength and flexi- 
bility of a mixed analysis methodology First, to evaluate 
the nomological net among the set of five latent variables, 
we use SEM to examine the series of simultaneous relation- 
ships among the key constructs Second, we exploit the 
power of the experimental design to test the four тапареп- 
ally relevant factors that should increase felt gratitude using 
a series of ANOVAs This mixed methodology provides the 
best of both worlds, in that 1t enables us to consider both the 
broader nomological net and the experimentally manipu- 
lated effects, while the laboratory setting provides the nec- 
essary control to establish internal validity However, 
because of the laboratory setting, we capture only purchase 
intentions as the dependent vanable To enhance external 
validity and causal effects, we must determine whether 
gratitude-based behaviors lead to greater actual perfor- 
mance measures, we investigate this 1n a second study 

Studies 2a and 2b attempt to replicate the findings from 
Study 1 п a field setting using dyadic data from customers 
and sellers in ongoing exchange relationships The addition 
of the field study data provides evidence of the external 
validity and causality of the conceptual model, generalizes 
the results from а B2C to а B2B context, and, most impor- 
tant, extends the hypotheses to real-life relationships using 
actual firm performance outcomes In Study 2a, sales reve- 
nue ($) and share of wallet (%) serve as dependent 
variables, and Study 2b, which 1s based on a subsample of 
customers from Study 2a, tests the longitudinal effect of 
gratitude on future sales growth (%) The analyses in both 
studies use SEM Because long-term relationships involve 
multiple and ongoing RM investments, we expect feelings 
of gratitude to rise and fall as customers and sellers interact, 
thus, we evaluate the mediating role of gratitude-based rec- 
1procal behaviors Overall, this mixed method supports our 
investigation of both affective and behavioral aspects of 
gratitude, while recognizing the temporal differences 
between emotional and behavioral effects 
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Procedure for Study 1 


In this study, 155 business undergraduate students at a mid- 
western US university participated in a laboratory experi- 
ment for course credit We assigned participants randomly 
to one of eight between-subjects treatment conditions, 1n 
which they read a short scenario about an experience shop- 
ping at a clothing store 1n which a retail service employee 
(“Alex,” whose gender deliberately remains neutral in the 
scenarios) assisted them 1n selecting an outfit and, 1n doing 
so, made a time and effort 1nvestment to provide a favor to 
the customer within the scope of building a customer 
relationship 

The scenario conditions manipulated participants! per- 
ceptions of the four factors we hypothesize to 1nfluence the 
effect of RM investments on customer gratitude while hold- 
ing the RM activity constant (1) the free will customer ser- 
vice personnel have 1n their jobs with regard to providing 
relationship-building favors (high versus low free will), (2) 
the customer service personnel's motives 1n helping cus- 
tomers (benevolent versus self-serving motive), (3) the level 
of nsk customer service personnel take in providing 
relationship-building favors (high versus low risk), and (4) 
the level of need customers have to complete the transaction 
satisfactorily (high versus low need) More specifically, for 
each pair of scenarios, the level of RM investment is the 
same (e g , cup of coffee, extra help, valuable 1nformation), 
but the factor that might increase the effectiveness of RM in 
influencing customer gratitude varies (see Appendix A) 


Measurement in Study 1 


Participants responded to a series of multi-item Likert mea- 
sures on a seven-point scale, ranging from “strongly dis- 
agree” (1) to “strongly agree” (7), to capture the constructs 
studied RM investments, feelings of gratitude, commit- 
ment, trust, and purchase intentions In addition, we 
included manipulation checks of particrpants’ perceptions 
of the free will, motive, risk, and need variables The results 
of the manipulation checks for each condition confirmed 
that the conditions demonstrated significant mean differ- 
ences (p < 01) 1n the correct directions (measures, scale 
sources, and item loadings appear in Appendix B) We used 
single items measuring respondents’ feelings of guilt and 
norms of reciprocity as control variables to account for any 
additional effects created by either construct and to ensure 
that we could differentiate the effects of gratitude from 
these alternative explanations We measured guilt, or a per- 
son's unpleasant emotional state associated with possible 
objections to his or her actions, 1naction, circumstances, or 
intentions (Baumeister, Stillwell, and Heatherton 1994, 
Dahl, Honea, and Manchanda 2005), with the 1tem "I feel 
very guilty toward [target] " We measured the norm of reci- 
procity with the item “I feel that there ıs a norm of reci- 
procity guiding our behaviors" (Ostrom and Walker 2003, 
Perugin: et al 2003) 

We evaluated the psychometric properties of the con- 
structs by conducting a confirmatory factor analysis (CFA) 
The fit of the CFA for Study 1 1s acceptable, with 280) = 
133 68 (p « 01), comparative fit index (CFI) = 97, incre- 
mental fit index (IFI) = 97, Tucker-Lewis index (TLD = 
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96, and root mean square error of approximation 
(RMSEA) = 07 All tactor loadings also are significant (p < 
01), 1n support of convergent validity Cronbach's alphas 
are 81 or above, which demonstrates good reliability In 
addition, we confirm discriminant validity because the aver- 
age variance extracted exceeded the square of correlations 
between constructs (Fornell and Larcker 1981) We list the 
descriptive statistics and correlations 1n Table 2 


Results of Study 1 


The fit of Study 1’s structural model is acceptable, with 
X^a12) = 18104 (p « 01), CFI = 96, IFI = 96, TLI = 96, 
and RMSEA = 06 The structural path model’s estimates 
appear in Table 3 Our model replicates extant RM models, 
with positive and significant paths from RM investments to 
commitment and a positive and significant path from com- 
mitment to purchase behaviors (p « 01) However, the 
direct effect of RM investments on customer trust 1s not sig- 
nificant, 1nvestments affect trust only indirectly through 
customers’ feelings of gratitude We provide the results of 
the hypothesis tests for both Studies 1 and 2 1n Table 3 

In Hia we posit that RM investments positively affect 
customer feelings of gratitude, this path 1s significant (B4, = 
58, p « 01) We also find support for Н» because customer 
feelings of gratitude have a positive effect on purchase 
intentions (B5 = 47, p « 01) Finally, H4, receives support 
because customer feelings of gratitude positively affect trust 
(Bag = 63, p < 01) Of the two control vanables, only cus- 
tomer guilt 1s significantly related to purchase intentions 
(B =- 15, p< 05) 

To evaluate whether the impact of RM investments on 
purchase intentions 1s fully mediated by gratitude, trust, and 
commitment, we add a path from RM investments to рш- 
chase intentions and evaluate the chi-square difference 
between this model and the hypothesized model The 
results (А21) = 181, not significant [n s ]) demonstrate 
that the hypothesized model fully mediates the relationship 
between RM investments and purchase intentions Existing 
literature offers mixed results regarding whether trust has a 
direct effect on outcomes or whether its effect 1s fully medi- 
ated by commitment A post hoc test comparing the hypoth- 
esized model with a nested model with an additional path 
from trust to purchase intentions reveals that for this sam- 
ple, trust does not have a significant direct effect on pur- 
chase 1ntentions 

Because the measures for both the independent and the 
dependent variables come from the same source, we 
acknowledge that common method variance may have 
1nflated the strength of the observed relationships between 
the constructs To assess the potential impact of this form of 
bias in Study 1, we reestimate the structural model with a 
*same-source" first-order factor, which we add to the indi- 
cators of all the latent constructs 1n the model, as Podsakoff 
and colleagues (2003) advocate This procedure controls for 
that portion of the variance ш the indicators that results 
from measuring items from the same source The overall 
pattern of significant relationships does not change, and all 
the paths that are significant when we do not control for 
common method variance remain significant when we do 


6 / Buneyseyy diusuomnejog ш әрп}цел) лешојеп, 0 әјон 


TABLE 2 
Descriptive Statistics and Correlations 
Study 1 Study 2a/Study 2b 
Constructs M SD AVE M SD AVE 1 2 3 4 5 6 7 8 9 10 11 

1 RM investments 523 142 73 4 66 138 73 89/ 89 43“ 55“ 50“ МА NA NA 20“ 107 15 02 
2 Customer gratitude 

(feelings Study 1, 

behaviors Study 2) 522 131 85 375 135 55 51** 94/78 40** 31** NA МА NA 26** 17* 18" 06 
3 Customer 

commitment 381 135 60 5 42 113 63 61** 54** 81/85 77** NA NA NA 28" 16“ 23 -02 
4 Customer trust 418 138 79 570 108 67 35** 63** 58* 90/84 МА NA NA 17** 11* 11 -06 
5 Customer purchase 

intentions 493 113 69 NA NA МА 55** 63" 53“ 48“  84NA NA МА NA NA МА NA 
6 Customer guilt 238 117 NA МА МА МА -11 – 02 04 02 — 14 NA NA NA NA NA NA 
7 Customer norm of 

reciprocity 392 135 NA NA NA МА 09 13 20" 25“ 04 27“ МА МА NA NA МА 
8 Share of wallet NA NA NA 3736 2742 NA NA NA NA NA NA NA NA NA -00 NA -03 


9 Sales revenue 

($1,000) used 

in Study 2аа NA NA NA 29638 77226 NA NA NA NA NA NA NA NA NA NA NA 20** 
10 Sales growth (%) 

used in Study 2b8 NA NA NA 1694 18247 NA NA NA NA NA NA NA NA NA NA МА —16 
11 Customer size NA NA NA 3 26 208 NA NA NA NA NA NA NA NA NA МА NA NA 


*p« 05 

“p< 01 

ам = 446 for Study га, and М = 126 for Study 2b 

Notes AVE = average variance extracted Study 1 (Study 2) correlations are reported below (above) the diagonal, Cronbach's alphas are reported on the diagonal (Study 1/Study 2) NA = not 
applicable i 
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TABLE 3 
Results: Structural Model Estimates 


Study 1 Study 2a Study 2b 
Hypothesized Path Hypothesis В t-Value В t-Value В t-Value 
——_—_S|$$__[J Some EP 
RM investments — customers’ feelings of gratitude Hia 58 6 90** 
RM investments — customers’ gratitude-based reciprocal behaviors Hib 50 8 36** 45 3 74“ 
Customers’ feelings of gratitude — customer purchase intentions He 47 4 78** 
Customers’ gratitude-based reciprocal behaviors — share of wallet Haa 20 362“ 
Customers’ gratitude-based reciprocal behaviors — sales revenue (2a)/growth (2Ь)а Hap 13 2 20* 18 1 88" 
Customers’ feelings of gratitude — customer trust Haa 63 612“ 
Customers’ gratitude-based reciprocal behaviors — customer trust 4b 16 2 65** – 07 – 62 
RM investments — customer trust Replication — 04 – 45 50 840“ 50 4 32“ 
RM investments — customer commitment Replication 64 7 7O** 16 3 64“ 21 252“ 
Customer trust + customer commitment Replication 35 496“ 83 15 26** 81 7 55** 
Customer commitment — purchase intentions Replication 37 3 83“ 
Customer commitment — share of wallet Replication 18 3 30** 
Customer commitment — sales revenue (2a)/growth (2b)a Replication 09 1 65“ 16 172" 
Customer guilt — purchase intentions Control —15 –2 44" 
Customer norm of reciprocity — purchase intentions Control – 09 -1 35 
Customer size — share of wallet Control – 04 – 79 
Customer size — sales revenue (2a)/growth (2b)a Control 19 4 16** — 16 —1 84“ 
А2 for customers’ feelings of gratitude 33 
R2 for customers’ gratitude-based reciprocal behaviors 25 20 
R2 for customer trust 37 35 23 
R? for customer commitment 68 87 87 
R2 for customer purchase intentions 59 
А2 for share of wallet 11 
А2 for sales revenue (2a)/growth (2b)a 07 10 


——————————————————————ÓÓÁÉ———Ó———ÁÉ———M—— 


*p < 05 

“p< 01 

aThe dependent variable is sales revenue ($1,000) in Study 2a and sales growth (96) for the year immediately following the measurement of all other constructs in Study 2b 
Notes ß represents standardized path coefficient 


so Thus, same-source bias appears to have no significant 
effect on the results of Study 1 

Next, we conduct a seres of one-way ANOVAs to 
investigate factors that marketers might use to leverage the 
impact of RM investments on gratitude and, ultimately, pur- 
chase behaviors In Нол, we suggest that customer percep- 
tions of the seller’s free will increase customer gratitude, 
and we find support for this hypothesis, 1n that the high- 
free-will condition results in Mogratitude = 6 13, whereas the 
low-free-will condition leads to Marge = 5 30 (Fi, 39 = 
12 73, р < 01) We also state п Hsp that benevolent seller 
motives should 1ncrease customer gratitude and again find 
support for this hypothesis (high-motive Morautude = 4 57, 
low-motive Mgrantude = 3 79, Fy, 39 = 4 18, p = 05) In Но, 
we expect that perceptions of higher seller risk increase cus- 
tomer gratitude, but though tbe result displays the correct 
direction, this hypothesis does not receive support (high- 
risk Morattude = 6 08, low-risk Moratitude = 5 60, Fy, 39 = 
247, р = 12) Finally, we find support for Над because 
increased customer need for the RM investment increases 
customer gratitude (high-need Mgrantude = 5 81, low-need 
Migatitude = 4 56, F1, 34 = 7 86, p < 01) 

To increase confidence in our theoretically driven 
hypotheses, we conduct a post hoc test to determine 
whether these four factors also 1ncrease customers' percep- 
tions of trust and commitment Only one of the eight tests 1s 
significant, that 1s, customer need increases the effect of 
RM investment on commitment (high-need Moommtment = 
4 35, low-need Meommument = 2 82, Fy, 34 = 15 10, p < 01) 
These results, as well as the significance of three of the four 
factors proposed to increase the impact of investments on 
gratitude, support the nomological validity of our proposed 
conceptual model 


Discussion of Study 1 


This study replicates prior work that shows the positive 
impact of RM investments on commitment and commit- 
ment’s positive impact on purchase intentions However, 
our research does not support a direct effect of RM invest- 
ments on customer trust, 1nstead, 1t suggests that RM invest- 
ments’ effect on trust 15 mediated by feelings of gratitude 
Thus, prior research that finds a positive effect of RM on 
trust may fail to capture the mediating role of gratitude As 
we hypothesized, feelings of gratitude seem to be an 1mpor- 
tant mediating mechanism that helps drive RM outcomes, 1n 
addition to trust and commitment Furthermore, 1ncreased 
levels of gratitude boost judgments of trust, which 1mplies 
an additional indirect effect of gratitude on purchase inten- 
tions through commitment Post hoc tests reveal that only 
when we include all three relational mediators does RM 
investments’ effect on purchase intentions become fully 
mediated 

This study also proposes and tests a set of factors that 
managers can use to leverage the impact of RM investments 
on feelings of gratitude and seller outcomes Specifically, 
we find that increasing customer perceptions of seller free 
will and benevolent motives, as well as increasing customer 
need, significantly increases customer feelings of gratitude 
However, the effect of perceptions of the amount of risk a 


seller faces in making RM investments does not achieve 
significance (p = 12) The perceptions also do not have 
equivalent effects on commitment and trust (except for cus- 
tomer need, which logically 1ncreases customers' desire to 
maintain the valued relationship) That 15, the leveraging 
effects of these factors funnel almost completely through 
gratitude If this construct does not appear in RM models, a 
significant predictor of outcomes and a major cause of varı- 
ance 1n the effectiveness of various RM programs 1s being 
1gnored 


Study 2: Field Survey 


Procedure for Study 2 
Study 2 1s a field study involving a survey of customers of 
manufacturers’ representative firms (rep firms) selling 
industrial products/services across a wide range of indus- 
tries 1n North America, matched with sales data provided by 
each rep firm The average rep firm 1s relatively small and 
sells multiple products for different suppliers on a commis- 
sion basis 

Sales managers from 31 rep firms (sellers) provided 
contact data for 2554 customer firms by identifying the 
names of 100—200 randomly selected customers who are 
the most knowledgeable about the customer firm’s relation- 
ship with the seller Using a three-wave mailing (survey, 
follow-up postcard, and second survey), we received 527 
responses from the customer firms, for a 20 6% response 
rate The key informants within the customer firms 
responded to scales measuring their impressions of the 
seller’s RM investments, their gratitude-based reciprocal 
behaviors toward the seller, their trust and commitment 
toward the seller, and the share of wallet (percentage of 
products they purchase from the seller of the total they 
could purchase), as well a control variable for customer 
size 

At the beginning of the subsequent calendar year, the 
sales managers of the seller firms also provided sales reve- 
nue for each customer for the previous year (1e, the year 
we conducted the customer survey) Following this data 
collection, we retained 487 usable customer surveys that 
match the seller firms' archival customer performance data 
(sales revenue 1n $1,000) We further refined the sample by 
removing responses in which customer respondents 
reported low levels of "knowledge about the relationships 
that this rep firm has with people at my firm," which 
resulted in a final sample of 446 different customers for 
Study 2a 

We evaluated response bias 1n several ways No signifi- 
cant differences exist 1n our comparisons of early and late 
customer responses (first 150 versus last 150) across key 
study variables (p » 05) Moreover, no significant. differ- 
ences in study variables resuit from comparisons of cus- 
tomer responses for cases included ın the final data set with 
those excluded because of missing rep firm data (p > 05) 
Similarly, seller firm-provided performance data for cus- 
tomers 1ncluded 1n the final data set compared with data for 
firms excluded because customers failed to respond indicate 
that sales revenue does not differ significantly across these 
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two groups (p > 05) We conclude on the basis of these 
analyses that 1esponse bias 15 not a major concern 

After one year, we contacted the sellers again and asked 
them to provide the sales revenue for each customer 
Through this follow-up survey, we obtained sales growth 
data (for the year following the initial survey) for 126 cus- 
tomers, which we use for a longitudinal test of our model in 
which sales growth 1s the dependent variable for this subset 
of the sample (Study 2b) No significant differences in key 
study variables result from our comparisons of customer 
responses for those cases included зп Study 2a and those 
excluded because of missing longitudinal sales data 


Measurement in Study 2 


We evaluated the psychometric properties of the constructs 
in Study 2 by conducting a CFA The fit of the CFA for 
Study 2a/Study 2b ıs acceptable, with x2(4g/4g) = 134 96/ 
72 04 (p < 01/05), CFI = 97/97, IFI = 97/97, TLI = 96/ 
95, and RMSEA = 06/ 06, respectively All factor loadings 
are significant (p < 01), in support of convergent validity 
Cronbach’s alphas are 78 or above, which demonstrates 
good reliability In addition, we confirm discriminant 
validity because the average variance extracted exceeds the 
square of correlations between constructs (Fornell and Lar- 
cker 1981) We list the descriptive statistics and correlations 
in Table 2 


Results of Study 2 


The fit of the structural models for Study 2a/Study 2b 1s 
acceptable, with x?g1/70) = 181 51/89 06 (p < 01/10), 
CFI = 97/97, IFI = 97/97, TLI = 96/96, and RMSEA = 
05/05, respectively The structural path models’ estimates 
appear in Table 3 Consistent with extant research, RM 
investments positively affect customer commitment and 
trust, and commitment positively affects share of wallet, 
sales revenue, and sales growth (p < 05) 

The results for the field study are similar to the expert- 
mental results, specifically, we find support for Нуь 1n the 
positive relationship between RM investments and 
gratitude-based reciprocal behaviors (Ву = 50/45, p « 01/ 
01) Customer gratitude—based reciprocal behaviors posi- 
tively influence share of wallet (B4, = 20, p « 01), sales 
revenue (83, = 13, p < 05), and sales growth (Вар = 18, p< 
05), ın support of Нз, and Hay In Study 2a, customer 
gratitude-based behaviors have a positive 1mpact on cus- 
tomer trust (Ва = 16, p < 01), ın support of Нађ, but this 
hypothesis does not receive support from Study 2b (Ва = 
-07, ns) 

To evaluate whether the impact of RM investments on 
seller performance outcomes 1s fully mediated by gratitude- 
based behaviors, trust, and commitment, we again add a 
path from RM investments to share of wallet and sales reve- 
nue ш Study 2a and to sales growth in Study 2b and evalu- 
ate the chi-square difference between these models and the 
hypothesized model The results support the premise that 
the 1mpact of RM investments on seller performance out- 
comes 1s fully mediated in Studies 2a and 2b In parallel 
with Study 1, we use a post hoc test to compare the hypo- 
thesized model with a nested model, with an additional path 
from trust to seller performance outcomes The results 
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reveal that trust does not directly affect seller outcomes 
Moreover, the results are not affected by the addition of a 
common method factor to Study 2 

We include customer size as a control variable, and the 
results indicate that customer size plays no significant role 
in affecting share of wallet (B = — 04, n s) As we expected, 
1 Study 2a, sales revenues are higher for larger customers 
(B= 19, p « 01), and Study 2b indicates that customer size 
1s related negatively to sales growth (B = — 16, p « 01) 


Discussion of Study 2 


The field survey in Study 2 confirms the external validity of 
our laboratory findings by (1) generalizing the results to a 
B2B context, (2) generalizing the results to ongoing buyer- 
seller relationships, (3) testing the role of gratitude-based 
reciprocal behaviors, and (4) increasing confidence in 
actual effects by using multiple and longitudinal perfor- 
mance data as outcomes The results of Study 2 also echo 
Study 1’s findings Specifically, we replicate the extant 
commitment-trust RM model in a field study and find sig- 
nificant, positive effects of RM investments on both trust 
and commitment, as well as a significant, positive effect of 
commitment on sales outcomes A key difference between 
Study 1 and Studies 2a and 2b 1s that the path from RM 
investments to trust 1s nonsignificant in the laboratory 
experiment, such that the relationship’s effects are fully 
mediated through gratitude, but the path from RM invest- 
ments to trust 1s significant ın the field setting Perhaps the 
nonsignificant finding in Study 1 results from the scenario- 
based experimental design, ın that participants may not 
have had time to develop sufficient evaluations of the 
seller's trustworthiness from the description of a single 
exchange episode 

In addition, Study 2 replicates the experimental results 
associated with the hypotheses for the proposed gratitude- 
mediated RM model by demonstrating parallel effects for 
both affective and behavioral aspects of gratitude The field 
study shows that gratitude-based reciprocal behaviors drive 
company performance outcomes, specifically, sales reve- 
nue, share of wallet, and sales growth 


General Discussion and 
Implications 


A meta-analysis of RM literature establishes that the extant 
commitment-trust model of RM may ignore important 
mediating mechanisms between RM investments and perfor- 
mance outcomes (Palmatier et al 2006) The extant model 
of RM 1s based on the cognitively oriented social exchange 
theory (Dwyer, Schurr, and Oh 1987, Thibaut and Kelley 
1959), focusing on the costs and benefits of RM, which may 
help explain why RM research has not investigated 
gratitude-based feelings and behaviors Various marketing 
researchers have made conceptual arguments 1n support of 
the key role of the process of reciprocation or principle of 
reciprocity in RM (e g , Bagozzi 1995, De Wulf, Odekerken- 
Schroder, and Iacobucci 2001, Houston and Gassenheimer 
1987), but research empirically integrating reciprocity into 
RM models or theoretically investigating the underpinnings 
of reciprocal behaviors remains limited 


This study proposes and empirically demonstrates that 
both the affective and behavioral aspects of gratitude are 
important mechanisms for understanding how and why RM 
influences seller performance In addition, the support we 
find for three of the four hypothesized factors that leverage 
RM's effect on gratitude, which increases the effectiveness 
of RM efforts, highlights some important managerial 1mpli- 
cations We align our discussion of the theoretical and 
managerial implications of this research with our two focal 
objectives—namely, understanding the role of gratitude 1n 
RM and increasing RM's effectiveness by leveraging 
gratitude 


Understanding the Role of Gratitude in RM 


Gratitude emerges as a key force that 1nfluences relation- 
ships, according to our review of literature across disci- 
plines as diverse as economics, psychology, sociology, 
anthropology, and evolutionary biology, 1n which gratitude 
represents the emotional core of reciprocity and a key moti- 
vating force 1n the development and maintenance of cooper- 
ative relational bonds (Bartlett and DeSteno 2006, Bonnie 
and De Waal 2004, Emmons 2004, Komter 2004) Our 
research conceptually and emprrically supports the impor- 
tant role of gratitude in understanding RM effectiveness 
Marketing research that neglects gratitude and focuses 
exclusively on trust and commitment may fail to capture the 
full effects of RM and may systematically underestimate 
the true return on investment of RM activities The finding 
that the proposed model fully mediates the impact of RM 
on seller outcomes 1n both Studies 1 and 2 provides theo- 
retical insight into previous research, which identifies the 
need to uncover other mechanisms at work to explain RM 
effectiveness (Palmatier, Dant, and Grewal 2007, Palmatier 
et al 2006) Across both methodologically different studies 
and four drverse seller outcome measures, the effect of 
gratitude on seller performance remains greater than the 
effect of commitment on these same outcomes (on average, 
23% greater) This finding suggests that gratitude's role in 
RM effectiveness 1s comparable to, 1f not more 1mportant 
than, more typically measured constructs 

Extensive extant research arguing that people are “psy- 
chologically hardwired" with emotional systems (e g , feel- 
1ngs of gratitude, pleasure in reciprocating, guilt for failing 
to reciprocate, anger toward free riders) makes the inclusion 
of gratitude 1nto RM theory compelling, especially the 
claim that gratitude represents an "imperative force" that 
causes people to reciprocate the benefits they receive 
(Komter 2004, Meyer 2002) For example, 1n how many 
other marketing strategies 1s the effectiveness of the market- 
ing program positively and negatively reinforced by multi- 
ple emotional systems? In many cases, marketing programs 
work by focusing on customers’ decision heuristics, but RM 
seems to be supported by a holistic social psychological 
structure 

In addition to its mediating role, gratitude increases a 
customer's trust 1n the seller, both strengthening the quality 
of the relationship and positively affecting seller outcomes 
through trust’s influence on performance-enhancing com- 
mitment This finding is consistent with Young’s (2006) 
argument that gratitude 1s a relationship-sustaining emotion 


that increases relational trust Thus, feelings of gratitude 
and a history of gratitude-based behavior appear to change 
customers’ perceptions and evaluations of trust Further 
research should investigate the linkages between affective 
and behavioral gratitude and trust and how these effects 
vary over time, because trust 1s critical across a range of 
exchange outcomes (e g , cooperation, conflict resolution) 

Feelings of gratitude and reciprocity are important for 
motivating customers to build trust with and behave equi- 
tably toward their business partners (Ста а and Goldstein 
2004, Kelin and Ellard 1999) Although the influences of 
feelings of gratitude and reciprocity are more robust 1n pub- 
lic settings, their influence appears even ın private settings 
because most people internalize the importance of gratitude 
and reciprocity (Whatley et al 1999) This internalization 
process suggests that the influence of feelings of gratitude 
and the resultant reciprocal behaviors and norms should be 
relatively long lasting 

Combining the findings from both Studies 1 and 2 pro- 
vides greater insight into the dynamic characteristics of 
gratitude, 1mmediately after RM investments, customers 
may feel high levels of gratitude that result 1n their propen- 
sity to reciprocate, though that propensity may decay over 
time Managers should recognize the window of opportu- 
nity after an RM investment, during which they can “col- 
lect" on feelings of gratitude In addition to the obvious 
advantage of gaming 1ncremental sales during this period, 
giving customers the opportunity to reciprocate wil] gener- 
ate a cycle of reciprocation and strengthen the overall rela- 
tionship Thus, gratitude serves as a catalyst or starting 
mechanism that promotes relationship development, which 
then influences prosocial behavior as long as the emotion 
lasts, but 1t also has long-term effects because 1t builds the 
relationship (Bartlett and DeSteno 2006) Therefore, some 
prior approaches appear to be overly simplistic, in that they 
adopted a rather static or cross-sectional view of the effects 
of RM, ın which RM investments affect outcomes 1denti- 
cally 1n both the short and the long run Further research 
may need to offer different conceptual models or time- 
varying models to understand how RM affects performance 
according to the time elapsed since an RM investment In 
summary, gratitude appears to enhance RM performance 1n 
three main ways 


1 Customers engage ın positive gratitude-based behaviors to 
satisfy their feelings of obligation 1n response to RM- 
1nduced feelings of gratitude 

2 Increased levels of customer trust due to gratitude 1ncrease 
customer commitment and thus enhance relational 
performance 

3 Gratitude promotes the development of relationships by ını- 
tiating cycles of reciprocation, which may have long-term 
positive effects on customer behaviors 


Increasing RM's Effectiveness by Leveraging 
Gratitude 


This study also demonstrates that many factors surrounding 
the disposition of RM activities can influence a customer's 
feelings of gratitude and resultant behaviors, thus providing 
managers with tools they can use to leverage their RM 
investments Specifically, gratitude can be increased by 
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increasing customers’ perceptions of the seller’s free will or 
benevolent motives or by matching the RM investment to 
customers’ needs The post hoc finding that these signifi- 
cant influences do not have the same effects on trust and 
commitment (except for customer need, which results in 
higher levels of customer commitment) supports our 
model’s nomological validity and reveals that extant RM 
research fails to identify managerially relevant strategies for 
leveraging RM investments More specifically, these results 
suggest three strategies for increasing RM effectiveness 

First, sellers should leverage RM investments by 
designing programs that increase customers’ perceptions of 
the seller’s free will and benevolence when providing the 
RM benefit A customer's gratitude toward the seller in 
response to receiving an RM benefit depends on his or her 
perception of the deposition of that benefit The RM bene- 
fits that everyone receives, that are in response to a cus- 
tomer’s request, that are given to match a competitor’s offer, 
or that are built into the overall product or service offering 
may generate little gratitude or need to reciprocate Formal- 
ized “loyalty” programs with written rules or in which cus- 
tomers earn “points” toward a reward (e g , airline loyalty 
points programs) are not likely to generate significant grati- 
tude or reciprocation because they lack the perception of 
free will In contrast, companies could increase gratitude by 
allowing boundary-spanning employees more discretion ш 
providing RM investments (within reasonable financial 
boundaries), such as giving them the ability to customize 
policies or even “change the rules” when needed to solve a 
customer’s problem, personalize otherwise standardized 
communications, or provide small favors unique to the cus- 
tomer Ideally, all programs should retain some random or 
discretionary elements because very structured quid pro quo 
programs tend to be integrated into the overall value propo- 
sition and thus lose their ability to promote relationships 
(eg, many loyalty programs), just as salesperson motiva- 
tion based on a sales incentive drops after a salesperson 
comes to expect the incentive as part of his or her compen- 
sation package 

Likewise, letting the customer know that the sales- 
person 18 working on commission would undermine percep- 
tions of the benevolence of the motive for the RM invest- 
ment The perceived intention behind the simple offer of a 
cup of coffee, for example, would change from a gratitude- 
inducing kindness to а self-serving grab for business 1n the 
customer's mind The intention behind the gift 1s critical to 
the activation of gratitude and has been treated as a founda- 
tion for understanding what gratitude 1s in research on the 
topic across disciplines Companies should avoid benefits 
that appear to provide personal gain for the salesperson In 
contrast, companies can leverage motive deliberately, posi- 
tioning themselves as caring more for the customer than for 
the profit the customer generates by providing RM шуез!- 
ments that illustrate such benevolence, such as an insurance 
firm that offers to provide competitive rate comparisons that 
sometimes show that ıt ıs not the most desirable choice, а 
retailer that refers a customer to a competitor's store when it 
does not have the right product 1n stock, or an airline that 
offers to switch a passenger to a competitive airline at its 
own cost when technical problems prevent the passenger 
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from getting to the destination on ште Such efforts demon- 
strate that a firm’s intention 1s to do whatever 1s best for the 
customer rather than serve only its own self-interests, and 
such efforts are much more likely to generate gratitude, 
reciprocation, and future purchase loyalty than efforts that 
seem to be designed only to increase sales or lock the cus- 
tomer in to dealing with a specific firm Thus, sellers can 
generate higher returns from a given RM program by care- 
fully structuring and designing the delivery of and commu- 
nication about the program 

Second, a seller can leverage RM investments by pro- 
viding a benefit when the customer’s need 1s the highest and 
the benefit provides the most perceived value Although the 
perceived cost of the program to the seller should increase 
customer gratitude, so will the value provided by the bene- 
fit, thus, boundary spanners should receive some discretion 
and guidelines regarding when they can immediately solve 
a customer’s problem or provide some RM benefit The pre- 
vious two strategies can be integrated in an example Con- 
sider the level of gratitude and likelihood of future recipro- 
cation felt by a business traveler who has accumulated 
miles by following the program rules and therefore can 
upgrade the entire family to first class on an international 
flight Compare those levels to a family who receives a 
spontaneous upgrade on the same flight 1n appreciation for 
patronage in the past The airline could target this latter pro- 
gram toward high-value customers who often pay full-fare 
business rates or fly highly competitive routes, which 
increases the likelihood that the customer will have oppor- 
tunities to reciprocate 

Third, designing programs to generate high levels of 
gratitude 1s important, but returns will appear only if cus- 
tomers act on these feelings Thus, sellers should give cus- 
tomers opportunities to reciprocate soon after providing 
them with an RM benefit, which takes advantage of high 
levels of gratitude, prevents guilt rationalization, and leads 
to cycles of reciprocation A customer’s feeling of grateful- 
ness toward a seller will ultimately decay and, 1n the worst 
case scenario, will generate feelings of guilt, which cus- 
tomers may try to relieve by rationalizing why they did not 
reciprocate (e g , assigning a negative motive to the seller) 
In the airline example, the airline could contact the frequent 
flier with an offer promising that 1f he or she books multiple 
flights over the next six months, the airline will provide a 
small incentive This offer would provide the flier an oppor- 
tunity to act on any feelings of gratitude and lead to 
gratitude-based reciprocal behaviors with the airline How- 
ever, the airline should not refer to the previous RM benefit 
or structure the request as a means for the customer to pay 
for benefits received, because people often reciprocate far 
ш excess of the value received and continue to feel grateful 
(Cialdini and Rhoads 2001) 


Limitations and Future Research Directions 


The mixed research method used here, in which we employ 
both an experimental design and survey-based field data 
collection, enables us to take advantage of the strengths of 
both techniques to demonstrate the effects of both short- 
term feelings of gratitude and long-term gratitude-based 
reciprocal behaviors on seller outcomes Yet a limitation of 


this approach 15 the lack of longitudinal and causal linkages 
between the feeling and resultant behavior of gratitude 
and trust Additional research should use a longitudinal 
approach to investigate how feelings of gratitude decay over 
tme and whether the effects of moderating factors change 
dynamically Some specific questions addressed by this 
approach might include the following How quickly do feel- 
ings of gratitude decay? Do feelings of gratitude remain 
after a customer reciprocates, or do sellers get “one dip m 
the well” of gratitude? What is the impact of a cycle of 
reciprocation on relationship quality? Does gratitude oper- 
ate differently between partners who have reciprocated in 
the past? These findings also cannot be extended to purely 
social relationships without additional empirical support 

Other constructs that leverage gratitude should also be 
considered, such as perceived seller competence, individual 
versus group sellers, or the role of the “concreteness” of the 
benefits received The number of people who give the cus- 
tomer an added benefit should also be considered A cus- 
tomer might feel more grateful if he or she has a single 
person to whom the gratitude could be directed, instead of 
directing gratitude toward a group of people or a firm For 
example, a customer may appreciate a seller who takes the 
individual initiative to offer a pair of football tickets more 
than a pair of tickets from “the sales team at Company X" 
In addition, with regard to gratitude-based reciprocal behav- 
10rs, 1t 15 much easier to reciprocate to an individual than to 
a group or team 

Gratitude can operate in both directions, therefore, addi- 
tional research should investigate whether customers can 
generate meaningful concessions from grateful sellers For 
example, customers may achieve larger price concessions 
from sellers if they generate feelings of gratitude before 
price negotiations In other words, can customers use RM 
techniques effectively in their interactions with sellers? 
Although the focus here 1s the positive side of reciprocity 
(repaying gifts), reciprocity also includes negative aspects, 
such as taking revenge or exacting punishment for failures 
(Fehr and Gachter 2000) An investigation of the effects of 
both failure to reciprocate and its resulting punishment 
could provide another potentially fruitful avenue of research 
in RM 

Finally, the 1tems measuring gratitude used here were 
designed to be general in nature to allow them to apply 
across contexts and industries Further research 1n this area 
might benefit from the exploration of more narrowly 
focused or context-dependent measures to better understand 
the nuances of the phenomenon 

Our overall conceptual model receives support across 
two research formats and contexts, but further research 
should investigate how this model may vary across other 
contexts (е g , different cultures), between groups of people 
and individuals, and as the intangibility of the offering 
varies (1e, products versus services) Finally, research 
should investigate the role of guilt ın the relational exchange 
and integrate this construct 1nto the overall model of RM 
For example, additional work might determine the 1mpact 
of unresolved guilt on relationship formation and future 
behaviors 


Appendix A 
Scenario Descriptions 


High-Free-Will Scenario 


You're shopping at a clothing store And Alex, an employee, 
notices you looking for a shirt. Alex just punched out on the 
time clock and 1s ready to go home On the way out, Alex 
notices that you look very tired Alex generously goes into 
the break room and brings you a cup of coffee Alex decides 
to stay after work (off the clock) to help you find a nice 
shirt 


Low-Free-Will Scenario 


You’re shopping at a clothing store And Alex, an employee, 
notices you looking for a shirt Alex just punched out on the 
time clock and 1s ready to go home It 1s company policy 
that an employee cannot go home 1f a customer needs assis- 
tance Alex punches back in on the time clock and helps 
you find a nice shirt. Alex gives you a complimentary cup 
of coffee 


High-Motive Scenario 


You're shopping at a clothing store And Alex, an employee, 
notices you looking for a shirt You are the only customer in 
the store Employees do not receive a commission for their 
sales Alex rushes over to help you find the perfect shirt 


Low-Motive Scenario 


You're shopping at a clothing store And Alex, an employee, 
notices you looking for a shirt You are the only customer in 
the store Employees receive a commission for their sales 
Alex rushes over to help you find the perfect shirt 


High-Risk Scenario 


You’re shopping at a clothing store And Alex, an employee, 
notices you looking for a shirt Alex realizes the store 
you're in doesn't have the shirt you want, but a competitor 
does Although it's against store policy, Alex directs you to 
the store's #1 competitor who has just what you want. Alex 
could get fired for this 


Low-Risk Scenario 


You're shopping at a clothing store And Alex, an employee, 
notices you looking for a shut Alex realizes the store 
you're 1n doesn't have the shurt you want, but a competitor 
does It 1s store policy to direct customers to another store 1f 
they don't have what you need Alex directs you to store’s 
#1 competitor 


High-Need Scenario 


You're shopping at a clothing store And Alex, an employee, 
notices you looking for a shirt You are running out of time 
and have to find a matching dress shirt 1n 10 minutes or 
you'll be late to an important business meeting Alex rushes 
to help you comb through all of the racks to find just the 
shirt you need 
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Low-Need Scenario 


You're shopping at a clothing store And Alex, an employee, 
notices you looking for a shirt You are leisurely browsing 


to see 1f there are any matching dress shirts to add to your 
wardrobe Alex rushes to help you comb through all of the 
racks to find just the shirt you need 





APPENDIX B 
Item Item 
Constructs (Scale Sources): Items Loadings Constructs (Scale Sources): Items Loadings 
RM Investments: Studies 1 and 2 (Adapted Customer Commitment: Studies 1 and 2 
from Reynolds and Beatty 1999) (Adapted from De Wulf, Odekerken- 
[Target] worked hard to strengthen our 82/ 88 Schroder, and lacobucci 2001; Palmatier et 
relationship al. 2006) 
[Target] made significant investments in 92/ 81 Гат willing "to go the extra mile" to work 86/ 81 
building a relationship with me with [Target] 
[Target] devoted time and effort to our 82/ 88 | have a desire to maintain this relationship 83/ 77 
relationship | view the relationship with [Target] as a 61/ 86 
long-term partnership 
Customers' Feelings of Gratitude: Study 1 
(Adapted from McCullough, Emmons, and Customer Trust: Studies 1 and 2 (Adapted 
Tsang 2002) from De Wulf, Odekerken-Schroder, and 
| feel grateful to [Target] 89 lacobucci 2001) 
| feel thankful to [Target] 94 [Target} gives me a feeling of trust 74/ 67 
| feel appreciative to [Target] 93 | have trust in [Target] 98/ 88 
[Target] is trustworthy 92/ 82 
Customers' Gratitude-Based Reciprocal 
Behaviors: Study 2 (Adapted from Customer Purchase Intentions: Study 1 
McCullough, Emmons, and Tsang 2002) | would be very likely to buy something 64 
We have bought products based on our 71 today 
gratitude for their extra effort ! would come back to this store 92 
We have given more business to this 75 | would likely buy from this store in the 91 
[Target] because we owed It to them future 
This [Target] has received opportunities to 76 


sell additional products as payback for 
past efforts 


Share of Wallet: Study 2a 
What is the % of products your firm is NA 
buying from this rep out of the total you 
could buy from them? (%) 


Customer Size: Study 2 
My firm 15 a very large company NA 


Eee == 
Notes All items were measured using seven-point scales anchored by 1 = "strongly disagree” and 7 = "strongly agree” unless otherwise stated 
Standardized loadings reported as Study 1/Study 2 when applicable The target for Study 1 was an individual retail person (Alex), and 


the target for Study 2 was a selling firm МА = not applicable 
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J. Jeffrey Inman, Russell S. Winer, & Rosellina Ferraro 


The Interplay Among Category 
Characteristics, Customer 
Characteristics, and Customer 
Activities on In-Store Decision 
Making 


The authors explore product category and customer characteristics that affect consumers’ likelihood of engaging in 
unplanned purchases In addition, they examine consumer activities that can exacerbate or limit these effects The 
authors employ a hierarchical modeling approach to test their hypotheses using a data set of in-store intercept 
interviews conducted with 2300 consumers across 28 stores The results show that category characteristics, such 
as purchase frequency and displays, and customer characteristics, such as household size and gender, affect 
in-store decision making Moreover, although the analysis reveals that the baseline probability of an unplanned 
purchase is 46%, the contextual factors can drive this probability as high as 93% The results support the 
predictions that list use, more frequent trips, limiting the aisles visited, limiting time spent in the store, and paying 
by cash are effective strategies for decreasing the likelihood of making unplanned purchases 


Keywords in-store decision making, shopper insights, first moment of truth, shopper marketing, unplanned 


purchases 
ће grocery store 1s a place of sensory stimuli Con- given item 1n a shopper’s grocery basket may have been 
| sumers аге met with colorful product displays of planned to the level of the brand (1e, “specifically 
fruits and flowers, perfectly aligned packages of planned"), to the level of the category (1e, “generally 
snacks on end-cap displays, and even advertisements cover- planned”), or not at all planned (1e , *unplanned") Accord- 
ing the floor Some consumers use these 1n-store stimuli as ing to the Point of Purchase Advertising Institute (POPAT) 
cues to remind them of what groceries they need Other (1995), more than two-thirds of purchase decisions involve 
consumers enter the store with an intention to buy only a some sort of in-store decision making (1e, generally 
certain set of goods, but this quickly changes as these ш- planned or unplanned) Although overall marketing spend- 
store stimuli lead to purchases of unintended items In ing 1s relatively flat, manufacturers’ shopper-marketing bud- 
either case, in-store stimuli trigger unrecognized needs and gets have grown at more than 20% per year since 2004, and 
desires or trigger memories for forgotten needs, leading to this growth 1s expected to continue through 2010 (Deloitte/ 
in-store decision making, or unplanned purchasing Grocery Manufacturers Association 2007) In addition, 
Bucklin and Lattin (1991) define planned purchases as there has been a significant increase in in-store stimuli, such 
decisions that are entirely determined before entering the as advertisements on floors and dedicated television chan- 
store In contrast, unplanned purchases are those that were nels, such as those used by Wal-Mart and Target Such 
not specifically planned before the shopping event Any efforts are assumed to be effective because they have their 


influence at the last stage of the choice process—namely, at 
a en a Ee a ee a the point of purchase Procter & Gamble’s emphasis on 
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making While prior research has examined a few factors 
influencing in-store decision making, we present a more 
comprehensive framework that incorporates the role of 
product category characteristics, customer characteristics, 
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and customer activities Our approach 1s simular to that of 
Seiders and colleagues (2005), who examine groups of fac- 
tors that influence the relationship between satisfaction and 
repurchase We propose a two-step process First, in-store 
stimuli require the shopper’s attention to have any impact 
Therefore, factors that crease or decrease exposure to 
stimuli affect the level of 1n-store decision making. Second, 
after customers have been exposed to a stimulus, they 
appraise 1t (Yeung and Wyer 2004), which may result in an 
affective or cognitive response The stimulus may then 
serve as a recognition cue, helping consumers recall that 
they need that product The stimulus may also trigger an 
affective reaction A positive affective reaction to an 1n- 
store stimulus further increases the likelihood of an 
unplanned purchase 

We examine several product and customer characteris- 
tics that we expect to increase exposure and to lead to posi- 
tive affective responses These factors may be stable (1e, 
relatively invariable over time) or transitory (16, variable 
across trips) Transitory factors at the product-category 
level (1 e , coupon, store display) can be directly influenced 
by the retailer or manufacturer Transitory customer charac- 
teristics (1e, shopping alone versus with others, store 
familiarity) can also be influenced, though indirectly, by 
marketing activities 

In addition to product and customer characteristics, we 
examine the effects of customer activities that limit 1n-store 
decision making (e g , use of a list, restricting the number of 
aisles visited) Some consumers use the shopping environ- 
ment to their advantage, relying on in-store stimuli to trig- 
ger unrecognized or forgotten needs However, unplanned 
purchases may result in negative outcomes (eg, buying 
unhealthful foods, overspending), so some consumers have 
an incentive to limit the extent of unplanned purchases In 
such a situation, a consumer may want to take steps to lımıt 
the impact of the store environment on purchase decisions 
Using a self-control perspective, we examine several strate- 
gies that 1nvolve limiting exposure (e g , limiting oneself to 
certain aisles of the store) or lumiting the possibility of an 
affective response (e g , purchasing only what 1s on the list) 
For ease of exposition, we refer to these strategies as cus- 
tomer activities because they are initiated by the customer 
and can vary across shopping trips 

The main contributions of this research are twofold 
First, we develop predictions for the impact of product cate- 
gory characteristics, customer characteristics, and customer 
activities on in-store decision making Second, we test these 
predictions 1n a large-scale field study We are fortunate to 
have access to a data set that enables us to assess the effects 
of the focal variables on in-store decision making We begin 
by discussing the stable and transitory category and cus- 
tomer charactenstics that influence in-store decision mak- 
ing Subsequently, we examune activities that customers can 
initiate to limit the extent of in-store decision making Then, 
we describe the data set of more than 34,000 items pur- 
chased by more than 2300 consumers across 28 stores in 14 
cities on which we estimate the model, discuss the statisti- 
cal methodology, and present the results We conclude with 
a discussion of the 1mphcations of our findings for research 
and practice, along with directions for further research 
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Theoretical Development 


In-store decisions occur because stimuli encountered during 
the trip (eg, point-of-purchase advertising, the physical 
product) lead consumers to believe or recall that they have a 
need for the product category Factors that enhance a stimu- 
lus's ability to trigger unrecognized or forgotten needs will 
lead to an 1ncrease 1n 1n-store decision making We posit 
that these are factors that increase exposure to stimulus cues 
and factors that trigger positive affective appraisal (Yeung 
and Wyer 2004) We also argue that though product and 
customer characteristics can increase in-store decision mak- 
Ing, consumers can initiate activities to limit their 1mpact 
Consistent with the factors that increase unplanned purchas- 
ing, these customer activities operate through limiting expo- 
sure and affective responses We describe specific pre- 
dictions for each factor in detail subsequently Figure 1 
summarizes our in-store decision-making framework 


Category Characteristics 


Prior research has examined the impact of contextual fac- 
tors on sales, brand choice, and promotional elasticities 
(Karande and Kumar 1995, Kumar, Karande, and Reinartz 
1998, Narasimhan, Neslin, and Sen 1996) In a similar vein, 
we examine the role of four category characteristics on 1n- 
store decision making coupon usage, in-store displays, 
category purchase frequency, and the hedonic nature of the 
category Two of these characteristics are relatively stable 
for the particular product category (1e , purchase frequency 
and hedonic nature of the category) Because they are 
reflective of the functional versus hedonic nature of the 
product, they should influence affective response The other 
two characteristics are transitory (1.e, coupon usage and 


FIGURE 1 
Factors Influencing the Extent to Which In-Store 
Stimuli Trigger In-Store Decision Making 
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in-store display), and their influence should operate through 
the degree to which they encourage exposure to in-store 
stimuli 


Coupon usage Intent to use a manufacturer's coupon 1s 
typically determined before entering the store (Kahn and 
Schmuttlein 1992), thus triggering need recognition before 
the shopping trip Because coupon usage requires effort and 
time (Shimp and Kavas 1984), it should lead to an increase 
in the likelihood that the coupon will be used 1f taken into 
the store Thus, having a coupon for an item should result ın 
greater hkelihood of a planned decision 


In-store displays The positive effect of displays on 1n- 
store decision making 1s well documented (e g , McClure 
and West 1969, McKenna 1966) For example, Wilkinson, 
Mason, and Paksoy (1982) report that across the four 
brands studied, sales increased between 19% and 39% with 
expanded shelf space but between 77% and 243% when the 
brand was displayed 1п a secondary location Displays draw 
more attention and thus increase the likelihood of 
unplanned purchases 


Interpurchase cycle More frequently purchased prod- 
ucts must be replenished more often We expect that con- 
sumers have greater recognized needs for frequently pur- 
chased products, and each time the consumer shops, he or 
she 1s likely to purchase the items that are used up quickly 
These items are likely more salient and therefore are more 
accessible 1n memory (Posavac, Sanbonmatsu, and Fazio 
1997) Furthermore, consumers are likely to have scripts 1n 
place for the shopping expenence, and the habitual pur- 
chase of an item ıs likely to become part of that script 
Before each shopping experience, the consumer 1nvokes the 
script, making the frequently purchased 1tem more accessi- 
ble Therefore, consumers should be more likely to plan the 
purchase of items they buy more frequently and may 
specifically build a trip to the supermarket around buying 
these items We predict that unplanned purchases are less 
likely for products that are purchased more frequently and 
thus have a shorter interpurchase cycle ! 


Category hedonicity Hedonic goods, such as chocolate 
cake, elicit more positive affect than functional goods (Shiv 
and Fedorikhan 1999) and thus are more likely to trigger a 
positive appraisal (Yeung and Wyer 2004) of that item 
These goods are also more likely to be purchased on 
impulse than functional products Impulse buying occurs 
when a consumer experiences a powerful and persistent 
urge to buy something immediately (Rook 1987) Likewise, 
vice products (e g , beer, high-fat foods) are more likely to 
be consumed on impulse than virtue products (Wertenbroch 
1998) This leads to our prediction that hedonic products 
аге more susceptible to in-store decision making than func- 
tional products 


IThe reverse effect could be argued Because infrequently pur- 
chased products are used over a longer period, unplanned purchase 
of these items 1s riskier because the consumer may underestimate 
the existing inventory, thus making the carrying costs greater This 
would suggest that the longer the interpurchase cycle, the lower 15 
the likelihood that the purchase will be unplanned 
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Display interactions Empirical research using con- 
sumer choice models has shown that display effects are sig- 
nificant factors in predicting brand choice and have differ- 
ential effects on category brand purchasing (Erdem and Sun 
2002) Lemon and Nowlis (2002) show that when used 
alone as a promotional device, in-store displays have a 
greater effect on the purchasing of high-quality brands ver- 
sus low-quality brands This ımphes that ın addition to the 
direct effect of display on unplanned purchasing mentioned 
previously, displays may interact with category purchase 
frequency and hedonicity That 1s, being on display may 
have a differential effect because of the display’s ability to 
increase the likelihood of exposure across these types of 
products Specifically, we argue that displays benefit cate- 
gories that are purchased more often (1e, those with a 
shorter interpurchase cycle) 

All else being equal, the probability of unplanned pur- 
chases increases for categories that are consumed quickly 
when they are on display than for categories that are con- 
sumed less quickly Therefore, we expect a negative inter- 
action between display and interpurchase cycle Conversely, 
hedonic products should arguably benefit more from dis- 
plays than functional products, because the purchase of 
hedonic items, such as cookies and ice cream, tends to be 
more intrinsically motivated than the purchase of functional 
items, such as cleaning supplies We expect a positive inter- 
action between display and category hedonicity, such that 
hedonic items on display should experience a greater 
increase 1n unplanned purchases than utilitarian items 


Customer Characteristics 


Aspects of the customers themselves may also increase or 
inhibit in-store need recognition We examune the role of 
four customer characteristics gender, household size, store 
familiarity, and shopping alone versus with others 2 These 
characteristics are related to the extent to which they affect 
exposure to store stimuli and influence the affective 
response thereto Two of these characteristics are relatively 
stable for a given customer (1e, gender and household 
size), while the other two characteristics are transitory (1e, 
store familiarity and shopping alone versus with others) and 
can vary across shopping trips 


Gender Kollat and Willett (1967) find that after con- 
trolling for number of purchases, gender does not affect 1n- 
store decision making Despite this finding, we hypothesize 
that 1f there are any gender effects, female shoppers will 
engage 1n more in-store decision making because they tend 
to do the household shopping more frequently (Starrels 
1994) and thus should be more likely to recognize a house- 
hold need when exposed to categories in the store 


Household size We expect that the larger the household, 
the more in-store decision making will occur Planning 
becomes more difficult as identifying and remembering the 
needs and desires of each family member become more 


2We do not argue that this set of characteristics 1s exhaustive 
Rather, it 1s partly dictated by available measures 1n our data set 
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complex This should lead to a greater chance of in-store 
cues triggering need recall 


Store familiarity After a consumer shops at a given 
store repeatedly, he or she learns its general layout Two 
opposing forces may operate with regard to in-store deci- 
sion making On the one hand, 1n an unfamiliar store, con- 
sumers must direct their attention to the environment as a 
means of learning where particular 1tems are, thus 1ncreas- 
ing their exposure to in-store stimuli Knowledge of the 
store layout enables the consumer to focus on the task of 
shopping and to routinize behavior, limiting the extent to 
which store cues will be noticed Iyer (1989) and Park, Iyer, 
and Smith (1989) report that more unplanned purchases 
occur when the shopper 15 less familiar with the shopping 
environment On the other hand, greater familiarity may 
lead to more fluency (Schwarz 2004) with shopping 1n that 
store environment This fluency enables the customer to 
rely on the store to cue him or her for shopping needs Thus, 
familiarity might lead to greater in-store decision making 
Therefore, we make no specific prediction for store 
familiarity 


Shopping with others Research on shopping party size 
suggests that shoppers accompanied by others shop longer 
and spend more (Kahn and McAlister 1997) Having addi- 
tional shoppers present, particularly members of the same 
household, leads to a higher incidence of need recognition 
Thus, we expect that people shopping with others will 
engage 1n more in-store decision making than those shop- 
ping alone 


Customer Activities 


As we mentioned previously, while some consumers may 
use the in-store environment for memory cues, others may 
be motivated to limit the extent to which they engage in 
unplanned purchases The shopping event 1s one that 1s reg- 
ularly and repeatedly experienced, so shoppers may recog- 
nize their tendencies to engage 1n unplanned purchases and 
may want to initiate protective behaviors to limit the extent 
to which they engage ın such in-store decision making We 
turn to the self-control literature to predict how customer 
activities may influence in-store deciston making 

The self-control literature suggests that, in general, 
behavior 1s goal directed toward a certain performance or 
outcome (Gollwitzer 1999) People tend to act in a goal- 
directed manner but often are affected by temporary needs 
or desires that may interfere with longer-term goals In a 
shopping context, the trade-off between immediate and 
long-term goals can lead to the purchase of items that are 
desired or needed 1n the short run but harmful or undesir- 
able 1n the long run Yet consumers may recognize that they 
succumb to immediate short-term needs and thus enact 
strategies to help regulate current behavior 1n the service of 
their longer-term goals (Hoch and Loewenstein 1991, 
Wertenbroch 1998), which may include limiting spending, 
leaving the store as quickly as possible, or selecting prod- 
ucts that are nutritionally healthful Hoch and Loewenstein 
(1991) argue that these strategies can be classified into 
those that reduce desire, such as avoiding situations that are 
likely to increase desire (1 e , limiting exposure), and those 
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that increase willpower, such as precommutting to a course 
of action by self-imposing constraints on behavior (1e, 
planning ahead) This 1s aligned with our thesis that expo- 
sure and affective responding are at the heart of in-store 
decision making The specific strategies we examine are use 
of a shopping list, number of aisles shopped, shopping fre- 
quency, time spent in the store, and method of payment 
(е g , cash versus credit card) 


Use of a shopping list An activity that 1s clearly associ- 
ated with ex ante planning 1s the use of a shopping list 
(Spiggle 1987) Block and Morwitz (1999) examine the use 
of shopping lists as a memory aid for grocery shopping and 
report that lists are useful tools for helping consumers make 
planned purchases but do not help them avoid unplanned 
purchases This implies that without the memory aid, con- 
sumers may default to even more in-store decision making 
Thomas and Garland (1993) find that shoppers with lists 
bought fewer items and spent less money than shoppers 
without lists Thus, we expect that consumers with shop- 
ping lists will be less likely to make in-store decisions than 
consumers without a shopping list 


Number of aisles shopped Our argument 1s that in-store 
stimuli increase people’s likelihood of making unplanned 
purchases by cung needs As consumers shop the store 
more completely, they become exposed to a greater number 
of product categories and in-store displays Thus, we expect 
that the probability of in-store decisions will increase with 
the number of aisles shopped 


Shopping frequency Consumers also vary in terms of 
how frequently they shop Shopping more frequently 
decreases the number of items needed on a given (пр and 1s 
likely to put the customer 1n a mind-set to buy only the 
items he or she needs Thus, we expect that unplanned pur- 
chasing will be less likely for more frequent shoppers 


Time spent shopping Ву limiting the amount of time ın 
the store, the shopper is more likely to move quickly 
through the store and focus on the products he or she had 
planned to purchase This limits exposure to in-store stimuli 
and also limits the extent to which 1n-store stimuli can gen- 
erate an affective response As a result, we expect that 
unplanned purchases will be greater as shoppers spend 
more time m the store 


Method of payment Consumers have multiple means 
available to pay for products (eg, cash, checks, credit 
cards) Credit card payments allow for a delay between 
acquiring a product and actual payment This lessens the 
"pain of paying" (Prelec and Loewenstein 1998) and 
enables shoppers to use credit as a short-term financing 
medium (Lee and Kwon 2002) Using data from actual 
shoppers, Soman (2003) finds that shoppers spend more 
when they pay with a credit card than when they pay with 
cash, and this 1s primarily driven by purchases of unneces- 
sary items Hirschman (1979) finds that consumers perceive 
greater control over spending when paying with cash than 
with credit cards Likewise, checks provide more assistance 
in budgeting and spending control Thus, we expect that 
compared with cash, credit card use will increase the likeli- 
hood of unplanned purchases 


Empirical Test 


The POPAL, an association for the point-of-purchase adver- 
tising industry, periodically conducts an extensive field 
study of consumers’ purchasing behavior This widely cited 
study is used by business managers and academic 
researchers (e g, Inman and Winer 1998) to examine the 
extent of in-store decision making by consumers The 
POPAI fielded its last study in the spring of 1995 at a cost 
of approximately $400,000 In-store intercept interviews 
were conducted with 2300 consumers at 28 grocery stores 
across 14 geographically dispersed U S cities 

Consumers were intercepted randomly as they entered 
the store and were offered a $10 coupon as incentive to par- 
ticipate in the study3 Respondents were prompted with 
each major department Importantly, the interviewer probed 
for specific brand purchase intentions Following this, 
coupons the respondents held were recorded, and respon- 
dents were sent into the store After each customer was fin- 
ished shopping, including payment, the interviewer met him 
or her at the cash register, took the register receipt, and 
asked several additional questions (е 2, demographics, 
study sponsor-specific questions) Table 1 summarizes the 
sample composition The procedure 1s essentially identical 
to that used by Kollat and Willett (1967), with the important 
addition of the in-store display activity 4 The POPAI gener- 
ously provided the resultant data (more than 34,000 pur- 
chases) to us for analysis For succinctness, details on the 
measures used to operationalize the constructs in our model 
as well as the expected effects appear in Table 2 (eg, 
Kumar, Venkatesan, and Reinartz 2008) 


Model 


The data set provides the type of decision for each pur- 
chase For each пеш, we know the category purchased and 
whether the decision was specifically planned (brand and 
category), generally planned (category only), a brand 
switch, or unplanned 5 This categorical variable 15 the 
dependent measure 1n all subsequent analyses 

In our data, purchases are nested 1n baskets, which in 
turn are nested 1n stores The category characteristics (e g , 
coupon, hedonicity) vary across purchases, and the shopper 
characteristics (e g , gender) and activities (aisles shopped) 
vary across baskets This represents a multilevel data struc- 
ture (Goldstein 1995, Raudenbush and Bryk 2002) Further- 
more, our dependent variable 1s categorical Putting the two 
together, we use a hierarchical model that Raudenbush and 
Bryk (2002) describe, with product category characteristics 
as predictors of decision type (planned, generally planned, 
completely unplanned) 1n the first level and aspects of the 
shopper and their activities (e 2, method of payment) 
explaining variation in the second level 


3The coupon was mailed to respondents to prevent a windfall 
effect (е g , Heilman, Nakamoto, and Rao 2002) 

4Kollat and Willett (1967) test for the presence of demand 
effects when inquiring about respondents’ purchase intentions may 
have influenced their subsequent purchasing behavior They find 
no such effects 

5Brand switches constituted less than 4% of the purchases, so 
we dropped them from the analysis 


TABLE 1 
Summary Sample Statistics 
Frequency 

Decisions 

Unplanned 60 9% 

Generally planned 6 6% 

Specifically planned 32 5% 
Coupon 6 9% 
Display 9 2% 
List use 53 9% 
Shopping Pattern 

All aisles 20 9% 

Most aisles 37 5% 

Only aisles in which something was needed 416% 
Payment Method 

Check 41 2% 

Credit 9 5% 

Cash 49 3% 
Gender (% female) 82 5% 
Familiarity (% visit the store most or 

all the time) 75 4% 
Shopping with others 34 0% 

M SD 

Interpurchase cycle 47 4 days 22 8 
Category hedonicity 3 8/7 11 
Shopping frequency 2 6 times per week 12 
Time spent 42 5 minutes 186 
Household size 2 7 members 12 


We use the notation that Raudenbush and Bryk (2002) 
describe (see also Goldstein 1987, Hedeker and Gibbons 
1994) In our case, we have three possible categories 
unplanned, generally planned, and specifically planned 
Denoting these, respectively, as m = 1, 2, and 3, we intro- 
duce response variable R, which assumes a specific value of 
m with probability Фк, where 


@ Фак = PHR у = ш), 


which leads to the logit link function for m = 1, 2 


РК, = 
(2) прије = In| 19 Ls S >| 
Фмук РКЕ к = M) 





where M indicates that the purchase was specifically 
planned for product category 1 1n basket у in store К We 
then specify the Level 1 model as follows 


Q 


(3) Пък = Poe) + > Ваков) ац 
9=1 


where Вак) are the coefficients to be estimated for m = 1 
(unplanned) and 2 (generally planned) and Хок 1s a Level 1 
independent variable а for product category 1 ın basket j in 
storek,q=1, ,0 

In other words, a separate set of parameters 18 estimated 
for both unplanned (versus specifically planned) and gener- 
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TABLE 2 


Detailed Descriptions of Measures for the Variables of Interest 
a Ses 


Dependent Variable 


Purchase type Indicates whether the нет purchased was 
specifically planned (brand and category), generally 
planned (category only), a brand switch, or unplanned 


Category Characteristics 


Stable Factors 

Interpurchase cycle Taken from the 1998 Marketing Fact- 
book (Information Resources Inc 1998), which contains 
information on the interpurchase cycle at the category 
level A larger number indicates a longer interpurchase 
cycle, meaning that the item is purchased less fre- 
quently (PURCYCLE [+]) 

Category hedonicity Assessed with a survey by Wakefield 
and Inman (2003) Respondents rated product cate- 
gories їп terms of their hedonicity on a seven-point 
scale A larger number indicates greater hedonicity 
(HEDONIC [+]) 


Transitory Factors 

Coupon After completing their purchases, shoppers were 
asked whether they had used any coupons and, if so, 
which ones It indicates whether the shopper had a 
coupon for each item purchased (COUPON [-]) 

Display The field interviewer recorded each in-store dis- 
play These data were merged with the purchase data 
so that each purchase shows the corresponding in- 
store display activity (DISPLAY [+]) 


Customer Characteristics 


Stable Factors 

Gender The field interviewer coded the shopper's gender 
as 1 if female and 0 if male (GENDER [+]) 

Household size Respondents were asked to indicate how 
many people, including themselves, were currently liv- 
ing in the household This ts a continuous variable 
(HHSIZE [+]) 


Notes Sign indicates predicted effect on unplanned purchasing 


ally planned (versus specifically planned) purchases 6 
Unfortunately, our data set does not include any store-level 
descriptive variables, so we could only estimate a random- 
effects model at the store level Because no store-level 
parameters are estimated, we suppress the k subscript from 
this point onward ın the interest of descriptive parsimony 





$We also estimated an ordinal logit model with specifically 
planned as most completely planned and unplanned as least com- 
pletely planned In terms of the consistent Akaike information cri- 
terion (119,512 3 versus 127,112 6), the multinomial logit specifi- 
cation outperformed the ordinal logit specification, even though 1 
had 36 parameters compared with the ordinal logit's 19 parame- 
ters The two models performed almost the same in terms of pre- 
dictive validity on a holdout sample of 200 purchases The ordinal 
logit had a ћи rate of 68 0%, while the multmomual logit had a ћи 
rate of 67 596 The substantive implications of the two sets of esti- 
mates were identical The estimates for the ordinal logit are avail- 
able on request We thank an anonymous reviewer for suggesting 
this model comparison 
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Transitory Factors 

Shopping with others The field interviewer noted whether 
the shopper was accompanied by others (OTHERS [+]) 

Store familiarity Respondents were asked to indicate how 
often they visit the particular grocery store in which the 
survey was conducted when doing grocery shopping 
Replies were "all of the time,’ “most of the time.” “about 
half of the time,” “less than half of the time,” and “rarely” 
For the purposes of the current analysis, “all of the time” 
and “most of the time” were combined into one category 
and compared with all other responses (FAMILIAR) 


Customer Activities 


Use of a list Indicates whether the respondent had a shop- 
ping list on that particular trip (LIST [-]) 

Shopping frequency Shoppers were asked the following 
open-ended question “In total, about how many grocery 
shopping trips do you make in a typical week?” Respon- 
dents who reported that they make five or more trips per 
week were pooled (SHOPFREQ [-]) 

Number of aisles shopped: This question was asked in the 
exit interview after the respondents had completed their 
shopping trip Respondents were asked how they went 
through the store and whether they visited each aisle or 
section of the store, visited most aisles or sections of the 
store, or visited only those aisles and sections where they 
planned to buy something (PATTALL [+], PATTMOST [+]) 

Time spent shopping The field interviewer recorded the 
exact time the shopper began the shopping trip and the 
exact time the respondent began the exit interview This 
difference 15 used as the measure of time spent shopping 
(TIME [+] 

Payment method The interviewer recorded whether the 
shopper paid by cash, check, or credit card (CHECK [+], 
CREDIT [+]) 


The Level 1 specification (1e , each item in the basket) 
їп our case 18 as follows 


(4) Пру = Воҳа) + Bi; COUPON, + By (DISPLAY, 
+ Baym PURCYCLE, + B; «,HEDONIC, 
+ Bs, DISPLAY, x PURCYCLE, 
+ Веја DISPLAY, x HEDONIC,, 


where 


COUPON, = an indicator variable that ıs 1 1f product 
category 1 ın basket y was purchased 
with a coupon and 1s 0 if otherwise, 

DISPLAY, = an indicator variable that 1s 1 1f product 
category 1 ın basket j was purchased on 
display and 1s O 1f otherwise, 

PURCYCLE, - the average interpurchase cycle for 
product category 1 (grand mean cen- 
tered), and 


HEDONIC, = the hedonic rating of product category 1 
(grand mean centered) 


With a hierarchical specification, the slopes ın Level 1 can 
be specified as a function of Level 2 variables and identified 
as either random or fixed (e g , Hedeker and Gibbons 1994) 
This "slopes-as-outcomes" model (Burstein, Linn, and 
Capell 1978) 1s specified as follows 


S 
q 
б) Baym) = Удо) + Y Vas(m) Wey + gm): 


5=1 
where 


Baym) = the Level 1 coefficients, 
Vqs(m) = the Level 2 coefficients (fixed effects), 
Wy =a Level 2 independent variable s,s=1, ,5, 
and 
Ugi(m) = the random component 


The Level 2 specification (1e, across-basket) in our 
case 1s as follows 


(6) Bam) = Удо) + Yarm Т) + Vgo¢mySHOPFREQ, 
+ Vg) PATTALL, + Уш PATTMOST, 
+ Vas) CHECK, + V4, CREDIT, 
+ Устеу TIME, + Ув) GENDER, + V om HHSIZE, 


+ V iom FAMILIAR, + Vaim OTHERS, + u 


gll(m акта)» 


where 


LIST, = an indicator variable that 1s 1 1f the con- 
sumer used a shopping list and 1s 0 1f 
otherwise, 

SHOPFREQ, = the number of shopping trips per week 
(grand mean centered), 

PATTALL, = an indicator variable that 15 1 1f the con- 
sumer visited all the aisles and 1s 0 1f 
otherwise, 

PATTMOST, = an indicator variable that 1s 1 1f the con- 
sumer visited most of the aisles and 15 0 
if otherwise, 

CHECK, = an indicator variable that ıs 1 if the 
shopper paid with a check and 1s 0 if 
otherwise, 

CREDIT, = ап indicator variable that 15 1 if the 
shopper paid with a credit card and 1s 0 
if otherwise, 

TIME, = the number of minutes elapsed between 
the time the shopper completed the 
entry survey and completed paying,’ 


7We recognize the possibility that time ıs an endogenous 
variable, such that time spent shopping 1s determined by the num- 
ber of aisles shopped However, the correlation between time spent 
shopping and number of aisles shopped 1s low (г = 27 and r = 06 
for time spent shopping versus “shopped all aisles” indicator 
variable and “shopped most aisles” indicator variable, respec- 
tively), suggesting that this measure 1s not endogenously 
determined 


GENDER, = an indicator variable that 15 1 if the 
shopper 1s a woman and 15 0 if 
otherwise, 

HHSIZE, = the number of individuals 1n the house- 
hold including the respondent, 
FAMILIAR, = an indicator variable that 1s 1 if the 
response on store familiarity 1s greater 
than or equal to “most of the time" and 
15 0 1f otherwise, and 

OTHERS, = an indicator variable that 15 1 if the 
shopper 1s accompanied by others and 
15 0 1Ё otherwise 


Results 


Table 3 displays the results of the hierarchical linear model- 
ing analyses As mentioned previously, we used planned 
purchase as the baseline category As Table 3 shows, most 
of the parameters contrasting specifically planned with gen- 
erally planned purchase are insignificant, so we focus on 
the results contrasting unplanned purchase with specifically 
planned purchase Our analysis revealed that a store model 
with random effects for only PATTMOST and PURCYCLE 
produced an equivalent fit to a model with random effects 
for all store-level intercepts, Xs = 20 92, not significiant 
(п 5.) Thus, we report the results for the more parsimonious 
model 


Category characteristics As we expected, coupon use 1s 
associated with a lower probability of unplanned purchase 
(B= – 661, p < 001), while the effect of display on 
unplanned purchase 1s positive (B = 735, p < 01) The 
fixed effects for category interpurchase cycle and category 
hedonicity are both positive, at 023 (p < 001) and 288 (p< 
001), respectively This indicates that unplanned purchases 
are more likely for infrequently purchased categories and 
for more hedonic categories The only coefficients that are 
significant for generally planned purchases are the effects 
of coupon (В = – 679, p < 001), interpurchase cycle (В = 
009, p < 001), and category hedonicity (B = 073, p < 01) 
Note that these results are directionally consistent with 
those for unplanned purchases 

As we expected, the display x 1nterpurchase cycle inter- 
action 1s negative (В = – 006, р < 05) This suggests that 
displays are more 1mpactful 1n generating unplanned pur- 
chases for product categories that are purchased relatively 
often The display x category hedonicity effect 1s negative 
as well (B = — 104, p < 05), though we predicted that ıt 
would be positive This implies that displays are more bene- 
ficial 1n terms of generating unplanned purchases for less 
hedonic categories We speculate about this finding т the 
"Discussion" section 


Customer characteristics As we predicted, 1n-store 
decision making 1s affected by all the customer characteris- 
tics we examined, except for shopping with others The 
coefficient for gender was positive, as predicted, indicating 
that women tend to make more unplanned purchases than 
men (B= 139, p< 05) As household size increased, so did 
the likelihood of making unplanned purchases (B = 108, 
p< 001) Surprisingly, shoppers who were accompanied by 
others were not significantly more likely to make unplanned 
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TABLE 3 
Results of Multinomial Logit Analysis for Unplanned and Generally Planned Purchases 





Unplanned Purchases 
Parameter Estimate 


Category Characteristics 


Coupon — 661 
Display 735 
Interpurchase cycle 023 
Hedonicity 288 
Display x interpurchase cycle — 006 
Display x hedonicity — 104 
Customer Characteristics 
Gender 139 
Household size 108 
Familiarity 099 
Shopping with others 067 
Customer Activities 
Used a list — 234 
Shopping frequency — 095 
Shopping pattern 
All aisles 412 
Most aisles 275 
Time spent shopping 013 
Payment type 
Paid by check 173 
Paid by credit card 231 
Variance Components 
Level 1 intercept 526 
Level 2 
Most aisles 176 
Interpurchase cycle 001 


Notes “Specifically planned" is the baseline category, ns = not significant 


purchases (B = 067, n s), though the direction 1s consistent 
with our prediction We made no specific prediction regard- 
ing store familiarity, but the results indicate that greater 
familiarity with the store has a positive effect on unplanned 
purchases (B = 099, p « 05) This may be because con- 
sumers who are most familiar with the store are more will- 
ing to let the store guide their need recognition Familianity 
may increase their comfort with the environment and enable 
them to focus more on category cues for unrecognized 
needs None of the customer characteristic coefficients were 
significant for generally planned purchases 


Customer activities We expected that customer- 
initiated activities would lead to a decreased likelihood of 
making unplanned purchases The results are as expected 
Both using a list (B = — 234, р < 001) and shopping more 
frequently (B = — 095, p < 001) reduce the likelihood of 
making unplanned purchases Shopping more aisles in the 
store increases the likelihood of unplanned purchases 
Specifically, the effect of visiting all aisles 15 412 (p < 001) 
and visiting “most aisles” 1s 275 (p < 01) The relative size 
of the coefficients also provides support for our predictions 
The amount of time spent in the store 1s positively related to 
unplanned purchases (B = 013, p < 001), indicating that 
the likelihood of in-store decision making increases as time 
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Generally Planned Purchases 


p-Value Parameter Estimate p-Value 

000 — 679 000 
009 — 113 ns 
000 009 000 
000 073 004 
036 004 ns 
013 — 036 ns 
013 — 046 ns 
000 — 014 ns 
042 – 112 ns 
ns — 121 ns 
000 — 178 012 
000 — 043 ns 
000 — 170 ns 
007 — 036 ns 
000 001 ns 
000 117 ns 
002 196 ns 

955 

114 

011 


spent 1n the store 1ncreases Finally, both paying by check 
(В = 173, p< 001) and paying by credit card (В = 231, p< 
01) increase the probability of unplanned purchases com- 
pared with paying in cash The probability of generally 
planned purchases decreases with list use (B = — 178, p < 
05) 


Interactions We also examined the possibility of mod- 
erating effects for the key variables of time and list use on 
the other factors 1n the model We added interaction terms 
with time and then with list into the model as a set Within 
the sets, there were few significant interactions, and a com- 
parison of goodness-of-fit measures for the augmented and 
nonaugmented models indicated no significant increase in 
fit from adding the sets of interactions 


Discussion 


Consumer Welfare Implications 


To our knowledge, this 1s one of only a few studies that 
attempt to examine self-control strategies ın the domain of 
unplanned purchases and, more specifically, ın a nonlabora- 
tory context We argued that people may want to limit the 
extent to which they make unplanned purchases by limiting 


exposure and committing to a course of action Our findings 
offer useful, easy-to-enact strategies for consumers who are 
interested in curtailing unplanned purchases First, con- 
sumers should use a list because 1t commuts the shopper to a 
set of purchases Second, they should try to make more fre- 
quent, fewer-item trips This helps focus the shopper on get- 
ting 1n, getting only the 1tems he or she came for, and get- 
ting out Third, consumers should limit browsing because 
visiting all aisles increases exposure to stimuli and, thus, 
unplanned purchasing Fourth, consumers should limit the 
amount of time spent ın the store Limiting time forces the 
consumer to focus on the task at hand Finally, consumers 
should make the decision before entering the store to pay 
by cash Paying by credit (and, to a lesser extent, by check) 
decouples the “pain of paying” from the purchase and 
makes it easier to engage 1n unplanned purchasing 

To expand on the welfare implications, we conducted a 
“what-if” analysis that examines the relative impact of each 
variable or group of variables on the likelihood of engaging 
1n 1n-store decision making Table 4 shows the probability 
of generally planned and specifically planned purchase for 
each category factor, customer characteristic, and customer 
activity, calculated with Equations 4 and 6 To examine the 
individual impact of any given variable, an indicator 
varable was set to one and a continuous variable was 
increased by one standard deviation above its grand mean, 
while the other variables were held fixed at their baseline 
level (1e, zero for indicator variables and grand mean for 
continuous variables) After we controlled for the product 
category and customer variables, the baseline probability of 
unplanned purchase was 46 Notably, the contextual factors 
can drive the probability of unplanned purchase as high as 
93 

Among category characteristics, display exhibits the 
greatest effect, increasing unplanned purchasing to 64, 
almost a 40% jump from the baseline level The customer 
characteristics demonstrate roughly equivalent effects, with 
each factor increasing the probability of unplanned pur- 
chase by approximately 10% Shopping all aisles 1s the 
most impactful shopper activity, boosting the probability of 
unplanned purchase by more than 24% to 57 The effects of 
payment by check and credit are important because pay- 
ment by credit and debit cards has become the preferred 
method of payment for grocery purchases While these 
methods are more convenient, they also increase the likeli- 
hood of unplanned purchases As Table 4 shows, paying 
with a credit card 1ncreases the probability of unplanned 
purchasing by approximately 9% for every item 1n the bas- 
ket This poses a risk for consumers who tend to succumb 
to immediate temptations and for those with an income 
constraint because the ease of paying by credit may result 
ın unwanted purchases Spending an extra 18 6 minutes 
(one standard deviation) shopping over the grand mean of 
approximately 42 5 minutes increases the unplanned pur- 
chasing propensity by 13% (to 52) Again, this affects each 
item 1n the shopper's basket 

What should a shopper who wants to curtail unplanned 
purchases do? For example, a female shopper for a five- 
person household has a probability of 53 of making 
unplanned purchases for each item Our estimates suggest 


TABLE 4 
Shifts in Probability of Unplanned and Generally 
Planned Purchases as a Function of Category 
Characteristics, Customer Characteristics, and 
Customer Activities 





Generally 
Unplanned Planned 
Purchase Purchase 


Variable (SD if Continuous) Probability Probability 
Baseline intercept only 46 11 


Product Category Characteristics 
Stable Factors Combined 


(Range) 64— 25 09- 11 
Interpurchase cycle (SD = 
22 8) 57 10 
Hedonic (SD = 1 1) 53 10 
Transitory Factors Combined 
(Range) 64— 31 07— 07 
Coupon 32 07 
Display 64 07 
Customer Characteristics 
Stable Factors Combined 
(Range) 53— 42 09- 11 
Gender 49 10 
Household Size (SD - 1 2) 49 10 
Transitory Factors Combined 
(Range) 51– 46 08– 11 
Others 48 09 
Familiarity 48 10 
Customer Activities (Range) 69- 33 06– 11 


List 41 10 
Shopping frequency (SD = 
1 2) 


43 11 

Shopping pattern 
All aisles 57 07 
Most aisles 52 09 

Payment method 
Check 49 11 
Credit 50 11 
Time spent (SD = 186 52 09 


Notes The probability of specifically planned is one less the sum 
of the probabilities of unplanned and generally planned 
“Range” indicates variation in the probability of unplanned 
purchase when the specific factors are increased or 
decreased 


that she can reduce this probability to 45 by using a list and 
shopping more frequently (four times per week in this 
example) However, 1 she does not use a list, shops infre- 
quently (e g , twice per week), visits all aisles, and pays by 
credit card, her unplanned purchasing propensity inflates to 
69 This example evinces the 1mpact of shopper activities 
on unplanned purchasing 

Recall that we partitioned the product category and cus- 
tomer characteristics into stable and transitory factors We 
assess the relative effect of each set of factors on unplanned 
and generally planned purchase probabilities by calculating 
the range in the probabilities as (1) the indicator variables 
are first set at their largest and then their smallest level and 
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(2) the continuous variables are set at one standard devia- 
tion above or below their grand mean (see Table 4) The 
stable category characteristics of interpurchase cycle and 
hedonicity exert their largest influence when interpurchase 
cycle 1s longer (estimated at one standard deviation [22 8 
days] above the grand mean of 47 4 days) and when hedo- 
nicity 1s higher (estimated at one standard deviation [1 1 
point on the seven-point scale] above the grand mean of 
3 8) At this level, the unplanned purchase propensity 1s. 64, 
or 39% above the baseline level (when both are at their 
grand mean) Conversely, when both characteristics are one 
standard deviation below their grand mean, the probability 
15 reduced to 25 Neither the stable nor the transitory cus- 
tomer characteristics exert much influence on the probabil- 
ity range relative to the baseline However, the customer 
self-control] activities exhibit the greatest range in their 
effect, from a high of 69 to a low of 33 In contrast to the 
category characteristic effects, this applies to each 1tem in 
the basket Consumers can control their in-store purchase 
propensity by undertaking a few simple activities 


Managerial Implications 


The managerial 1mplications are the flip side of the welfare 
implications Consumers should be encouraged to shop as 
many aisles as possible (ш general) and be exposed to as 
many product categories and in-store displays as possible 
(in particular) Two ways to achieve this are through inno- 
vative aisle layout and shelf design For example, products 
that are frequently purchased or “destination” items" (е р, 
milk) should be placed 1n locations that will lead consumers 
past as many other categories as possible or displayed next 
to less frequently purchased products This is particularly 
useful when categories with longer interpurchase cycles are 
usage complements to products with shorter 1nterpurchase 
cycles (e g , canned tuna and mayonnaise) 
Frequent-shopper programs can be leveraged as a tool 
to increase store familiarity, and geodemographics can be 
used to target consumers with the greatest probability of 
making unplanned purchases Making the shopping ехреп- 
ence as pleasant as possible will increase time spent in the 
store Finally, manufacturers and retailers need to move 
beyond category management and consider “atsle manage- 


ment" to think more strategically about driving in-store 
need recognition 


Limitations and Further Research 


Our examination of in-store decision making incorporates 
variables 1п terms of the intervening constructs, which 
should drive their effect on in-store purchasing Unfortu- 
nately, we were limited to measures that were available in 
the POPAI data set Further research that uses field-based 
experiments 18 needed to extend our findings (ев, Heil- 
man, Nakamoto, and Rao 2002) Furthermore, we focused 
on in-store decision making with respect to category choice, 
but we did not explicitly consider brand choice in our analy- 
sis Our model could be extended to the area of brand 
choice and the impact of customer activities and character- 
istics on brand choice It would also be useful to consider 
regimes for the effects of interpurchase time and category 
hedonicity, but this endeavor 1s most likely to bear fruit only 
1f consumer-level measures of these category characteristics 
are collected In addition, ın some cases, ıt would be useful 
to look for segment differences 1n parameters using latent 
class analysis or something similar. However, 1t 1s difficult 
to pick which of many variables to analyze for segments, 
and some variables, such as interpurchase time, were 
unavailable 1n our data because we did not have 1ndividual- 
level longitudinal purchasing data but only category-level at 
one point 1n tune 

A finding that runs contrary to our predictions was the 
negative interaction between display and category hedonic- 
ity This suggests that the likelihood of unplanned purchases 
1s affected more by display for products low on hedomcity 
than for products high on hedonicity This may be because 
hedonic products can cause an emotional response 1n con- 
sumers (Yeung and Wyer 2004) regardless of placement, 
while the increased exposure of being on display 1s more 
1mportant for functional products Because most functional 
products fail to trigger an affective reaction, the likelihood 
of their being purchased as a result of in-store decision 
making requires that a need be recalled Recall 1s likely to 
be boosted by additional exposure that comes from being 
on display Further research 1s needed to better understand 
this relationship 
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How Brand Community Practices 
Create Value 


Using social practice theory, this article reveals the process of collective value creation within brand communities 
Moving beyond a single case study, the authors examine previously published research in conjunction with data 
collected in nine brand communities comprising a variety of product categories, and they identify a common set of 
value-creating practices Practices have an “anatomy” consisting of (1) general procedural understandings and 
rules (explicit, discursive knowledge), (2) skills, abilities, and culturally appropriate consumption projects (tacit, 
embedded knowledge or how-to), and (3) emotional commitments expressed through actions and representations 
The authors find that there are 12 common practices across brand communities, organized by four thematic 
aggregates, through which consumers realize value beyond that which the firm creates or anticipates They also 
find that practices have a physiology, interact with one another, function like apprenticeships, endow participants 
with cultural capital, produce a repertoire for insider sharing, generate consumption opportunities, evince brand 
community vitality, and create value Theoretical and managerial implications are offered with specific suggestions 
for building and nurturing brand community and enhancing collaborative value creation between and among 
consumers and firms 
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odern marketing logic, as derived from economics, and Schau 2007) that elude many aspects of marketers’ 
М advanced а view of the firm and the customer as immediate control and make no direct contribution to mar- 

separate and discrete, the customer 1s exogenous to keting efficiency or effectiveness as conventionally defined 
the firm and 1s the passive recipient of the firm’s active (Kalaignanam and Varadarajan 2006) These collectives 
value creation efforts, and value is created 1n the factory include those that are (1) primarily experience based, as in 
(Deshpandé 1983) However, a different perspective 1s brandfests, raves, or Linux "installfests" (Bagozz1 and Dho- 
emerging Research across disparate streams of manage- lakia 2006, Cova and Cova 2002, McAlexander, Schouten, 
ment literature—from new product development, to and Koenig 2002), (2) lifestyle based (Goulding and Saren 
services-dominant logic, to consumer culture theory—leads 2009), (3) opposition ideology based (Thompson, Rind- 
to the view that customers can cocreate value, cocreate fleisch, and Arsel 2006), (4) brand based (Martin, Schouten, 
competitive strategy, collaborate in the firm’s innovation and McAlexander 2006, Мий and O'Guinn 2001, Мит 


process (Etgar 2008, Franke and Piller 2004, Prugl and and Schau 2005), or (5) Web community based (Szmigin 
Schreier 2006, Von Hippel 2005), and even become endoge- and Reppel 2004) This work demonstrates that all such col- 


nous to the firm (Jaworski and Kohli 2006, Kalaignanam lectives exhibit community-like qualities, as understood in 
and Varadarajan 2006, Prahalad and Ramaswamy 2004, sociology, and address identity-, meaning-, and status- 
Vargo and Lusch 2004) Despite the proliferation of such related concerns for participants Moreover, this work sug- 
work, a consumer-centric delineation of the mechanism in gests that such collectives provide value to ther members 
which value 1s collectively created has not been identified, through emergent participatory actions of multiple kinds 
nor has a clear typology of cocreated value been developed and that consumer collectives are the site of much value 
This article aims to address these issues creation 

Consumer culture theory researchers have investigated a A revolution in both marketing thought and practice 1s 
host of coproductive activities in consumer collectives orga- at hand Recognizing the implications of the aforemen- 
nized around market-mediated cultural products (Mufiiz tioned developments, Lusch and Vargo (2006) argue that 


cocreation will ultrmately induce firms to collaborate with 
customers to cocreate the entire marketing program This 
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T-shirts, famously claiming that “the customer 15 the 
company” (Chafkin 2008) However, cocreative actions 
have not been clearly identified and categorized 1n a uni- 
form or generalizable way, nor has the nature of their value 
creation been revealed In essence, we know that value 1s 
cocreated, but we do not know how, which makes replicat- 
ing successful cocreation strategies within a product cate- 
gory and even within the firm difficult and transferring suc- 
cessful practices from one product domain to another nearly 
1mpossible 

Using a meta-analytic approach, we aim to systemati- 
cally categorize value creation practices within brand com- 
munities, identify the role of each type of practice in the 
value creation process, and suggest templates for bundling 
practices to enhance collaborative value creation We 
demonstrate the following (1) Companies should foster a 
broad array of practices, moving beyond mere customiza- 
tion, (2) managers can encourage a broad array of practices 
through seeding, (3) a focus on practices provides guidance 
for new product development by facilitating the 1dentifica- 
tion of high-fidelity, as well as low-fidelity, needs (Von Hip- 
pel 2005), and (4) companies can encourage the interaction 
of practices to foster greater customer engagement with the 
brand 


Background and Purpose 


Our research purpose 15 to reveal common processes of 
value creation among networked firm-facing actors in 
brand-centered communities, a meaningful and manageable 
subset of all commercially mediated collectives We then 
situate these processes 1n the extant research Case studies 
show that firm-facing actors can create value in use How- 
ever, the field has yet to systematize the knowledge of these 
value-creating activities To be sure, progress has been 
made toward accounting for value creation Holt (1995) 
illustrates the ways individual consumers derive subjective 
value through patterned interaction with a sporting event 
Although this research 1s useful, Holt limits humself to dis- 
cussions of individual value-creating activities, primarily 
through production of individual distinction in cultural 
capital endowments (Bourdieu 1984) Outside of providing 
the context for this behavior, the collective 1s understudied 
Similar observations can be made about Belk’s (1995) 
analysis of collectors 

Others have begun to rectify such shortcomings 
McAlexander, Schouten, and Koenig (2002) show that par- 
ticipation in brandfests led to significant increases in feel- 
ings of integration into the Jeep brand community and posi- 
tive feelings about the brand and product category These 
findings were robust across nonowners and newcomers as 
well as owners Thus, we may infer that 1n addition to firm 
benefits, participants derive social and hedonic value from 
the experience Franke and Piller (2004) show that partici- 
pation ın online product design leads to increases ın will- 
ingness to pay and willingness to pay more (an indirect 
indicator of brand equity) Thus, we may infer that partici- 
pants derive some sort of value 1n use from participation 

Although such studies represent important advances, 
they have their limitations In neither of these studies (1e, 


Franke and Piller 2004, McAlexander, Schouten, and 
Koenig 2002) are the activities by which consumers create 
value dissected, dimensionalized, or generalized Although 
such activities are evident, they are treated idiosyncratically 
No attempt has been made to link the value-creating асим1- 
ties with the activities in other brand community studies 
This 1s a problem with the larger literature on brand con- 
suming collectives, which has focused on the idiosyncrattc 
and oversold novelty at the expense of uniformity, general- 
izability, and connections to prior work Indeed, not only 
have no meaningful connections been developed, but there 
has also been no attempt to develop the common nomencla- 
ture for recurring activities and processes that we offer 
herein 

Other authors have invited research centered on the 
value-creating activities of market-facing collectives, recog- 
nizing the need for consistent nomenclature Woodruff and 
Flint (2006, р 194) call for “much greater focus on experi- 
ential customer value phenomena" to resolve the differ- 
ences 1n typologies of value 1n use Sumilarly, O'Hern and 
Rindfleisch (2007, р 37) argue that “the role of brand com- 
munities as a catalyst for co-creation 1s an intriguing topic 
for future research” Clearly, our endeavor has a mandate 
Following Vargo and Lusch (2004), we argue that value 
resides in the actions, interactions, and projects that 
acquired resources make possible or support Taking 1nspi- 
ration from Holt's (1995) initial foray ın applying а socio- 
logical theory of practice to 1ndividual consumer behaviors, 
we argue for an explicit methodological application of prac- 
tice theory (Duguid 2005, Lave and Wenger 1991, Reck- 
witz 2002, Schatzki 1996, Warde 2005) to disentangle the 
forms of collective value creation 1n brand communities 

Practices are linked and implicit ways of understanding, 
saying, and doing things They comprise a temporally 
unfolding and spatially dispersed nexus of behaviors that 
include practical activities, performances, and representa- 
tions or talk Practices link behaviors, performances, and 
representations through (1) procedures—explicit rules, 
principles, precepts, and instructions, called "discursive 
knowledge", (2) understandings—knowledge of what to say 
and do, skills and projects, or know-how (1 e , tacit cultural 
templates for understanding and action), and (3) engage- 
ments—ends and purposes that are emotionally charged 
insofar as people are commutted to them (Duguid 2005, 
Warde 2005) Schatzki (1996) underscores how practices 
create and perpetuate both collective identity and individu- 
ality To engage in practices, people must develop shared 
understandings and demonstrate competencies that rein- 
force social order while allowing them to distinguish them- 
selves through adroit performances 

Following Schatzki (1996), Warde (2005, р 137) asserts 
that consuming 1s “a moment 1n almost every practice” 
Thus, consumption follows from practices, rather than vice 
versa, because practices dictate what is essential for the 
competent and meaningful engagement of social actors 1n a 
particular consumption setting (Schatzki 1996) A focus on 
practices emphasizes the routine, collective, and conven- 
tional nature of consumption while accommodating the 
internally differentiated (across participants and groups, see 
our subsequent discussion of staking) and dynamic nature 
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of consumption (see Cheng et al 2007) As Warde further 
observes (p 145), “practices are the principle steering 
device of consumption because they are the primary source 
of desire, knowledge and judgment, recruitment to a 
practice becomes a principal explanatory issue" Thus, a 
practice focus dovetails with the gap 1dentified 1n previous 
research on value creation 1n brand communities 

To identify and categorize cocreative practices from a 
consumer-centric perspective and in a generalizable way, 
we draw on a corpus of data across nine brand communi- 
ties We access participants 1n brand communities 1n collab- 
orative cocreation activities specifically, as well as their 
emic notions of value related to branded offerings and com- 
munal activities Using a meta-analytic review, we situate 
these practices 1n the extant literature, connecting the prac- 
tices we revealed with those previously, if only 1mplicitly, 
encountered 1n prior research. We then demonstrate how 
these practices interact, or are bundled, to create value This 
enables us to develop new theory 1n the domain of con- 
sumption practice From a managerial perspective, our find- 
ings illuminate opportunities to grow, not simply exploit, 
“customer competence" (Prahalad and Ramaswamy 2000) 
In short, our findings reveal how to build better brand 
partners 


Method 


To address the research issues identified, we examine con- 
sumer cocreation in an empirical context Our sampling 
frame consists of an array of nine brand communities across 
traditional product category classifications 3Com Audrey 
(Internet device), Apple Newton (personal digital assistant), 
BMW Mini (car), Garmin (global positioning system [GPS] 
device), Jones Soda (carbonated beverage), Lomo and 
Holga (cameras), Tom Petty and the Heartbreakers (here- 
1nafter, TPATH) (musical group), StriVectin (cosmeceuti- 
cal), and Xena Warrior Princess (episodic action television 
program) Collectively, these data sites represent a broad 
spectrum of marketplace offerings Packaged goods, elec- 
tronics (including cutting-edge and well-established tech- 
nology), and entertainment are represented The data also 
represent greater gender diversity than 1s found in most 
prior work on brand communities The Audrey and Newton 
communities are primarily male, Garmin, Jones, TPATH, 
Lomo/Holga, and Mini are fairly balanced, and Xena and 
StnVectin are primarily female Table 1 describes each 
brand community and the nature of research engagement 
with each It was our hope that this diverse collection of 
communities would increase the chances of our data res- 
onating with that presented 1n the extant research, thus 
facilitating the identification of common elements 

Our data include in-depth interviews with community 
members, participant and naturalistic observation of com- 
munity activities, and netnographic research within forums 
centered on brands We observed forums for all the brands 
included and downloaded thousands of messages posted by 
brand users Our analytic approach combines the strengths 
of primary data collection with those of meta-analysis and 
overcomes the weakness of individual case study 
approaches to brand collectives In many cases, we assessed 
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the full breadth of community activities both online and 
in the corporeal world In some cases, specifically with 
StrıVectın and Xena, we pursued the community across 
forums when several sites were implicated 1n community 
activities Finally, our approach 1s appropriate because we 
endeavored to move the unit of analysis away from the 1ndi- 
vidual consumer and individual brand community to the 
practices common across individuals and communities Our 
analysis also benefits from the insights of a multidisciph- 
nary (anthropology, social psychology, sociology, and mar- 
keting) and bigendered team These differences allow trian- 
gulation across researchers in terms of convergence and 
divergence 1n interpretation following guidance 1n previous 
research 

In addition, we performed a meta-analytic review We 
identified 52 articles published in Journal of Marketing, 
Journal of Consumer Research, Journal of the Academy of 
Marketing Science, Journal of Interactive Marketing, Con- 
sumption, Markets and Culture, and Advances in Consumer 
Research that explicitly clam to examine collective con- 
sumer behavior and/or “practices” None of these studies 
expressly examined collective value creation, and none used 
the construct of collaborative behavior uniformly or system- 
atically Nonetheless, using four coders to achieve inter- 
coder agreement on interpretation, we identified 37 articles 
(71%) that contained sufficient material to code collective 
practices In 13 (35%) of these articles, we found some evi- 
dence of practices consistent with our current data set 
Thus, this analysis of published research demonstrates that 
the 12 practices we identify here are robust (Farley, 
Lehmann, and Sawyer 1995) because we found traces of 
them within data analyzed for diverse theoretical purposes 


Findings 

Our first goal was to compile an exhaustive list of practices 
common to the brand communities studied and to situate 
those practices 1n the context of prior research Our intent 1n 
this endeavor was multifaceted First, we wanted to synthe- 
size and extend prior accounts of brand community Sec- 
ond, we wanted to reconcile common practices that have 
appeared under disparate titles Third, we wanted to dissect 
and dimensionalize these practices Fourth, we wanted to 
systematically document how a constellation of practices 
coalesce to create value-added brand community ехреп- 
ences Doing these things would enable us to place brand 
communities in both new theoretical and managerial lights 

We induced 12 value-creating practices across the nine 
brand communities we studied We assert that these com- 
mon practices represent value-creating dynamics present in 
most, 1f not all, brand communities To support this asser- 
tion, as mentioned previously, we analyzed the extant litera- 
ture on collective consumer behavior to find instances of 
behavior that correspond to these 12 practices Appendix A 
details the practices common ın the brand communities we 
studied, as well as those abstracted from prior research It 
lists the name of the practice, the definition, a list of the 
prior research in which each practice was evident, and 
examples of the practice 1n our data We further organize 
these practices into four thematic categories. (1) social net- 


TABLE 1 
Research Engagement 


Brand 


3Com 
Audrey 


Apple 
Newton 


Garmin 


Jones Soda 


Lomo and 
Holga 


Mini Cooper 


Research 
Community Engagement 


20 months of 
naturalistic 
observation 

8 in-depth 
Interviews 
with key 
members 


7 years of 
naturalistic 
observation 

2 5 years of 
participant 
observation 

82 in-depth 
member 
interviews 


4 years of 
naturalistic 
observation 

1 year of 
participant 
observation 

4 in-depth 
member 
interviews 


4 5 years of 
naturalistic 
observation 

8 in-depth 
member 
interviews 


5 years of 
naturalistic 
observation 


2 years of 
naturalistic 
observation 


Description 


3Com is an Internet-only device released in October 2000, based on the Palm operating system It is 
designed to be a simple and elegant way to access the Internet, check e-mail and sync with Palm 
personal digital assistants (PDAs) The Audrey had a rushed release, tried to carve out a new product 
category, and failed to connect with consumers After a little more than seven months on the market, 
3Com discontinued the Audrey in June of 2001 and offered full rebates to purchasers 3Com no longer 
provides any support for the Audrey Numerous sites sell new and hacked Audreys, and there are 
several user forums in which users can find assistance in repairing and extending the functionality of 
their Audreys 


The Apple Newton (PDA) was introduced in 1993 The Newton had a rushed release, tried to carve out 
a new product category, and failed to connect with consumers Newton was far from bug free Widely 
reported problems, coupled with a high price, discouraged most potential adopters Despite these 
barriers, a strong and fiercely loyal brand community formed around the Newton (Muñiz and Schau 
2005, Wagner 1998) The Newton lost its lead in the emerging PDA category to the Palm Pilot in 1996 
and was officially discontinued by Apple in February of 1998 Because it was discontinued, users have 
come to rely on themselves, as well as the larger community, to keep their Newtons operating 
Numerous Web sites sell new and hacked Newtons, and there are several forums in which users can 
find assistance in repairing and extending Newton functionality 


Garmin produces a variety of GPS devices, including the Nuvi, Quest, and Streetpilot lines These 
devices enable users to pinpoint their exact location in real time and plot directions to any geographic 
destination They have a worldwide community consisting of users and company employees The 
community manifests online and offline The community is truly global in nature with multiple languages 
used on the message boards The offline community is more travel based, insofar as people interested 
in certain destinations or dwelling in certain destinations meet to exchange use experiences and travel 
experiences 


Jones Soda is a carbonated beverage firm that solicits customer cocreation from a community of 
devoted fans The firm gives its 12- to 24-year-old target consumers input into product innovations 
(flavors), packaging (labels, cap quotes), promotions (stickers, Web content, price points), and 
advertising Through the Jones Soda Web site, consumers are asked to rate suggested new flavors and 
are invited to submit photos and copy that would fit in advertisements and on the packaging A mobile 
Jones promotional vehicle arrives at events such as the X Games, malls, and school campuses to give 
away promotional material and have consumers try and rate Jones soda products The promotional 
vehicle stocks flavors of interest (new and experimental) and actively solicits consumer feedback As of 
2005, Jones Soda used nearly 4400 consumer-generated photos in its marketing (BusinessWeek 2005) 


Lomo and Holga are cheaply made Russian and Chinese cameras, respectively, with inexpensive 
lenses and few adjustable options Users simply point and shoot The international origins, 
inexpensiveness, and simplicity of these cameras have made both cameras the subject of active 
community followings, mostly centered on one joint community (www lomography com) Lomography has 
come to stand for a lo-fi, no-rules, and no-pretense school of photography that stresses creativity and 
spontaneity Members create modifications and additions for the cameras, enabling them to do things 
the manufacturer never intended Over time, the Lomo and Holga brand communities have merged to 
create one dual-brand community based around these toy cameras 


The BMW Min! was introduced in North America in 2002 It is a retro brand that is distinguishable from 
nostalgic brands (Morris Mint) by the element of technological updating (BMW) It is “a brand new, old- 
fashioned offering” (Brown, Kozinets, and Sherry 2003, p 20) The brand was introduced and sustained 
with a marketing communications campaign that created an iconoclastic, high-style, high-cultural-capital 
image for the brand that builds off the retro, populist narrative associated with the old British Morris Mini 
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TABLE 1 
Continued 





StriVectin 3 years of 
naturalistic 
observation 

6 in-depth 
member 
interviews 


StriVectin is a "cosmeceutical" (a high-end cosmetic with pharmaceutical properties) that treats skin 
imperfections (stretch marks, wrinkles, and scars) The tagline for StriVectin's advertising campaign for 
the last three years is "Better than Botox,” focusing on its age-defying results The ad text claims that 
StriVectin has clinically proven attributes that effectively repair skin and vastly improve skin's 
appearance There is a lively community centered on StriVectin, composed mostly, but not exclusively, of 
women The members meet online on message boards sponsored by the producer, as well as on online 


forums dedicated to beauty and "youth endurance" or sites devoted to waging war against the signs of 
aging The members are evangelical in their support of the product and tout the effectiveness of the 
product through the telling of highly personal testimonials 


Xena 12 years of 
Warrior naturalistic 
Princess observation 

2 5 years of 
participant 
observation 

28 in-depth 


interviews (Kozinets 1997) 


The Xena character began as a guest role on the Hercules television program in 1995 Xena Warrior 
Princess became a successful spin-off melodrama that ceased production June 2001 It is now in 
syndication on various networks The show has lucrative syndication agreements, has on- and offline 
cottage industries revolving around the fan culture of costuming, fan fiction, and conventioneering, fits 
squarely within existing organizations (Society for Creative Anachronism) devoted to medieval 
reenactments and fairs, and in many respects appeals to other fantasy fan communities, such as those 
revolving around Star Trek (Jenkins 1992), Star Wars (Brown, Kozinets, and Sherry 2003), and X-Files 





working, (2) impression management, (3) community 
engagement, and (4) brand use Next, we describe these 
categories and the practices housed within each 

First, social networking practices are those that focus on 
creating, enhancing, and sustaining ties among brand com- 
munity members These include (1) welcoming, (2) 
empathizing, and (3) governing This trio of practices high- 
lights the homogeneity of the brand community, or the sım- 
ilarities across brand community members and their norma- 
tive behavioral expectations of themselves and one another 
These practices operate primarily in the intangible domain 
of the emotions and reinforce the social or moral bonds 
within the community Examples of social networking prac- 
tices сап be gleaned from prior research Мий and 
O’Guinn (2001, p 419) describe behaviors consistent with 
empathizing in the following excerpt from their field notes 


The club president proudly shows a letter he received 
from a sixteen-year-old Italian boy who 1s a big fan of 
Saab, despite the fact that he doesn’t drive yet He got the 
club’s address from their web page The letter says that he 
is a fan of pre-changed 900, especially liking the '83 and 
'84 3-door models He is seeking pictures of these cars 
that the club members might own This letter 1s big news 
at the meeting and 1s shown to everyone over the course of 
the evening 


The vanety and scope of social networking practices 
that we witness across our nine communities challenge 
Muñız and O'Guinn's (2001) assertion that brand commu- 
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brand boundaries Indeed, there 1s evidence of longtime 
community members remaining 1n the community after dis- 
possessing themselves of the focal brand (е g , when a lfe- 
stage responsibility requires a Mini driver to sell the Mini 
and purchase a more family-friendly vehicle) 

Second, impression management practices are those that 
have an external, outward focus on creating favorable 
impressions of the brand, brand enthusiasts, and brand com- 
munity in the social universe beyond the brand community 
These include (1) evangelizing and (2) justifying In evan- 
gelizing, members act as altruistic emissaries and ambas- 
sadors of good will Various impression management prac- 
tices are evident 1n the extant brand community literature 
Kozinets’s (2001) study of the Star Trek community and 
Mufiiz and Schau’s (2005) study of the Apple Newton brand 
community provide relevant and closely related examples 
Members of both brand communities engaged 1n impression 
management practices, evangelizing and justifying their 
devotion to manage stigmas associated with overt sci-fi fan- 
dom and reliance on an obsolete and abandoned technology, 
respectively 

Third, community engagement practices are those that 
reinforce members’ escalating engagement with the brand 
community These include (1) staking, (2) milestoning, (3) 
badging, and (4) documenting This set of practices empha- 
sizes and safeguards brand community heterogeneity, or the 
distinctions among brand community members and subsets 
of members These practices are competitive and provide 


TPATH concert, the first Garmin caching find, or a posted 
Lomograph Badging occurs when a semiotic signifier of a 
mulestone 1s created—for example, when a fan buys a con- 
cert T-shirt or when a Mini owner makes a designated “run” 
and adds a circular image commemorating that to his or her 
signature file Documenting occurs when brand community 
members construct a narrative of their brand experience, 
staking their social space, participating 1n milestones, badg- 
ing the milestones for posterity, and finally evolving a cohe- 
sive personal brand narrative (see Appendix A) 

Fourth, brand use practices are specifically related to 
improved or enhanced use of the focal brand These include 
(1) grooming, (2) customizing, and (3) commoditizing 
Examples of grooming include Mim consumers who share 
homemade tools and advice (Q-Tips 1n air vents) to better 
clean their cars and demonstrate their collective pride, 
StriVectin users who encourage wiping the tip of the tube 
with a clean tissue and storing 1t 1n the refrigerator, proce- 
dures for handling and storing original TPATH record 
albums, care and maintenance of Xena costumes, and 
home-crafted “snugglies” (soft cases) for the Garmin, 
Lomos, and Holgas Examples of customizing include when 
a TPATH fan creates a custom tour poster from his or her 
first concert, when a StriVectin user carefully mixes 
StriVectin with foundation makeup, when a Newton user 
modifies a Newton so that 1t can perform functions other 
than those anticipated by the manufacturer, and when a 
Lomo fan customizes a camera lens to achieve more artful 
distortion Examples of commoditizing are when Newton, 
Xena, and TPATH communities monitor and restrict the 
price of community-created resources to encourage diffu- 
sion of technologies and items deemed to be community 
building, when Jones Soda drinkers rant about corporate 
distribution or Pepsi and Coke products but advocate offer- 
ing Jones in Target, Walgreens, and Starbucks, when 
Garmin users stretch the useful life of firm-offered maps 
with local patches given as freeware but anxiously antici- 
pate firm-updated map packages, and when Lomo and 
Holga users chastise digital camera offerings as pricey but 
encourage the resale of these "toy" cameras on eBay for 
upward of $100 


The Operation of Practices 


Each practice exhibits a common anatomy, which can be 
described as (1) understandings (knowledge and tacit cul- 
tural templates), (2) procedures (explicit performance 


tional and evaluative significance of this membership " The 
approach to brand commumty membership that we develop 
here 1s different We assert that an emergent sense of mem- 
bership and identity arises from the trajectory, or the devel- 
opment of practices tbat foster the exchange of collectively 
defined and valorized resources This 1s consistent with 
prior work on communities of practice (Wenger 1987) 
Resources may compose cognitive elements of practices 
(eg, knowledge of procedures and rules), status elements 
(eg, self-esteem), and emotional elements of practices 
(eg, commitment, pride), but they may also include ele- 
ments such as services, money, and accessory goods 


Physiology of practices Practices work together and 
drive one another, as Figure 1 suggests Empincally, the 
thematic categories we revealed (1e, social networking, 
impression management, community engagement, and 
brand use) work closely together as a process of collective 
value creation, analogous to gears working together For 
example, the umpression management practice of evangeliz- 
ing may yield to the social networking practice of welcom- 
ing as new members join the fold The social networking 
practice of governing provides explicit directions for the 
community engagement practice of staking as status differ- 
ences among members are marked, and the social network- 
ing practice of milestoning may inspire the brand use ргас- 
tice of commoditizing as members create badges (social 
networking) for members’ achievements 

Appendix B provides details of the physiology of ргас- 
tices from several of our commercial collectivities Prac- 
tices work together both to enhance the value people realize 
when engaged in brand communities and to promote the 
collective health and welfare of the social bodies centered 
on brands Practices can be combined 1n complex ways The 
effects of interaction are at minimum additive and poten- 
tially exponential Interactions can be either intrathematic 
(practices acting together within a functional theme) or 
interthematic (practices working together across functional 
themes) In what follows, we provide one example of a 
practice physiology Milestoning 1s the recounting of salient 
episodes ш brand and community relationships A vivid 
example comes from the Mini “birthing” stories that are 
organized by participants 1n “production week” 


Good job Birdman! I’m like you I watched cameras, 
checked tracking — You'll treasure having these for your 
“scrap book” or should I say Mimibird’s “baby book"? 
Jake [the car] was not on а WW ship so there were a lot 


FIGURE 1 
The Process of Collective Value Creation in Brand Communities 
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following the Mini through production and delivery Scores 
of these “production week” chats unfold in a similar way 
over the time between ordering of a custom Міт and its 
delivery to the owner By stringing together a host of unre- 
lated Web functionalities (customizing) and through e-mail 
and telephone exchanges with BMW marketing staff, par- 
ticipants can track the physical movement of the vehicle In 
this way, not only 1s how-to, discursive knowledge shared 
among community members, but it 1s made normatively 
expected as well It becomes something individual members 
do, value, and expect, and ıt ultimately becomes a collective 
good that strengthens the brand community 

Here, tacit know-how 1s being identified Participants 
exchange rumors (e g , when the ship will leave port), 1nfor- 
mation (eg, confirmation that a production number has 
been assigned and that a vehicle has left the factory), and 
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physiology We find analogous examples of tacit knowledge 
being used across the other eight brand communities 
TPATH gestures associated with song lyrics, geocaching 
hints shared among Garmin users through patterned utter- 
ances (rhymes), Str1Vectin community members’ use of fin- 
gertip patting 1n applications, Jones Soda campaign proto- 
cols associated with voting, Lomographers developing 
online posting styles, and so on 

Intrathematic 1nteractions are the most common when 
the practices within a set focused on a thematic function 
work together toward their thematic goal (e g , social net- 
working, brand use) For example, community engagement 
1s fostered when milestoning (seminal brand events) 1s com- 
bined with badging (symbolic representation of the mile- 
stone) and 1s part of the overall documenting of the use 
Journey Our data reveal that 1n the case of a brand enthusi- 
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collective Because the practices are normatively expected, 
users feel compelled to adopt them Commoditization 
makes doing so easier 

Interthematic interactions, or practices that work 
together across themes, abound Interthematic interactions 
are evidenced when evangelizing (impression management 
practice) yields to welcoming (social networking practice) 
or when positive word of mouth inspires outsiders to join 
the brand community Another example 1s when badging 
behavior inspires the creation of a brand community badge 
that can be commoditized, or sold to members and поп- 
members alike, as 1n the purchasing of Jones Soda bottles 
with customized labels Here, the badge 1s commoditized 
and inspires more brand community engagement or brand 
use, thus creating more value 


Practices operate like apprenticeships Practices can be 
viewed as apprenticeships (Lave and Wenger 1991), their 
effects evolve over time as consumer engagement deepens 
and practices are integrated Recall the milestoning prac- 
tices surrounding Mını birthing stories discussed previ- 
ously Members learned when a vehicle left the factory and 
when an auto-carrying ship left port They learned how to 
use the resources available to track the car’s progress from 
factory to delivery Finally, they learned what activities they 
were expected to engage in during this time and how they 
were supposed to feel As Osterlund and Carlile (2005, p 
97) aptly note, members “do not merely learn about prac- 
tices, they become practitioners ” 

Welcoming 15 the first practice to which members are 
exposed Consequently, it 1s easily adopted, and recent 
members can enact this practice with newer members With 
the addition of more and increasingly complex practices, 
members’ standing and legitimacy increase New members 
may adopt the practice of milestoning to demonstrate mem- 
bership in the brand community and participation in spe- 
cific rites of passage In this way, members are recruited to 
new practices (Warde 2005) Additional practices are 
acquired as members determine the fit between their skills 
and the community’s repertoire of practices In this way, 
members transition from apprentices to journeymen 

The first step 1n an apprenticeship within the TPATH 
community often involves the first recording a fan buys and 
the first concert the fan attends Threads on the TPATH 
forums are dedicated to the first song that made a person a 
fan, the first album the person bought, the first concert the 
person attended, and the first time the person realized he or 
she was a fan These seminal experiences are evidenced 1n 
threads dedicated to TPATH experience firsts, and the dis- 
course surrounding these mulestones inspires greater 
engagement, tales of concert attendance begets more con- 
cert attendance and subsequent storytelling 

In the Xena community, fans note their first participa- 
tion in a Xena event—for example, the first time they 
bought Xena gear (e g , costumes, props, paraphernalia) or 
the first time they created and shared Xena-inspired art. As 
Zoey reveals, 


The first time I went to the Xena section of the SCA 
[Society for Creative Anachronism] festival was phenom- 
enal I had cobbled together a costume that I was initially 


quite proud of, but then I saw what the others had 
authentic medieval gear including weapons and outfits 
that looked like they came right off the set I had to have 
that too to belong — Beautiful, strong women ın Xena 
clothes It’s addictive (interview, 07/05/99) 


Here, Zoey describes her awe at the first Xena event she 
attended and her desire to purchase more authentic Xena 
wear and attend more events Similarly, Mandy describes 
how her Xena engagement escalated 1n tandem with others 
who started at the conventions when she did 


The first convention I went to was a fan-run subtext- 
oriented but main-friendly [run by fans who support the 
lesbian reading of the show but welcome those who 
adhere to an action-adventure reading] I actually went 
with a boyfriend We wore clothes we had in our closet 

a mishmash of western leather clothes made to look 
medieval Don't ask me how But the thing 1s, most other 
people were dressed like that [with] stuff they had 
already Not vintage or even authentic replicas Тһе 
elaborate costumes came over time One person ups the 
bar and we all really dig 1t and compliment them, and then 
we all start upping the ante Now, you can't really show 
up in something you just had ın your closet No one would 
take you seriously (interview, 02/10/2001) 


Mandy describes how this practice began as a casual nod to 
medieval attire and became a quest for authenticity and 
even vintage costumes through competitive, escalating 
engagement in brand practices She shows that practices 
develop, hedonic engagement evolves and deepens over 
оте, and value expands Mandy’s description of the evolu- 
tion of the practice echoes Warde’s (2005, p 139) assertion 
that “[p]ractices have a trajectory or path of development, а 
history” 

Similarly, badging offers a vivid illustration of the 
emergent sense of membership and identity that arises from 
practices Contrasted with Bagozzı and Dholakia's (2006) 
perspective on identification with brand communities (in 
which identification 1s conceptualized as an antecedent 
individual difference variable), badging 1s clearly an emer- 
gent property of membership The greater the length of 
membership and level of engagement, the more detailed and 
intricate the efforts at badging became For example, 1n the 
Mini community, the number and complexity of badges are 
related to the length or intensity of affiliation and the extent 
of value experienced Of particular note 1s that badging 
behaviors codify the expression of brand identity, suggest- 
ing the proper behaviors to be a true member (see also 
Мићх and O’Guinn [2001] on legitimacy) and the proper 
idiom for expressing that membership 

The aforementioned tendencies illuminate the factors 
1nfluencing the customer's willingness to engage 1n creating 
value for the brand and firm (Kalaignanam and Varadarajan 
(2006) Consumers become habituated to learning more 
from the community while mastering an increasingly com- 
plicated set of skills This has important implications for the 
development of customer competence (Prahalad and 
Ramaswamy 2000) because 1t demonstrates that customer 
competencies are not static Through apprenticeship, they 
evolve and expand In addition, observing members docu- 
menting a customization or cleaning/grooming practice 
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demonstrates that this evolution 1s organic and endemic to 
the community with a distinct trayectory This 15 not to say 
that the marketer cannot affect the development of prac- 
tices Rather, it illustrates that when left to their own 
devices, communities will foster and develop skills of 
potential value to the marketer Prahalad and Ramaswamy 
(2000) suggest that one of the challenges to co-opting cus- 
tomer competence stems from the diversity of customers’ 
sophistication and knowledge The apprenticeship aspect of 
practices suggests that vibrant communities can be relied on 
to mitigate thts problematic diversity 


The Effects of Practices 


Practices endow participants with cultural capital A 
competitive spirit underlies much brand community behav- 
10r (Muñiz and O'Guinn 2001) Practices, especially com- 
munity engagement practices, present opportunities for 
individual differentiation through adroit performance 
(Bourdieu 1984, Holt 1995) Members compete on brand 
devotion, knowledge, and history to display their various 
competencies Mini drivers compete for the best racing 
times, narrowest gap between custom tires and wheel well, 
or shiniest finish 


Га like to thank K*, and M*, and R*, and С“, and С“, and 
H* for teaching me so much ш the last 18 months 
Thanks to your help (and a bit of work and many $$$ 
spent by me), I won Best Foreign Car today in Blimey’s 
first car show!!! ГП post pics and a writeup later on ту 
blog, but couldn’t wait to share the news and THANK 
YOU folks for helping make и happen I got lots of kudos 
from other car owners on detailing, paint polish, style, 
theme, etc, and I didn’t know squat about any of that until 
I started hanging out with you folks (V-P Tarheels Mini) 


Similarly, TPATH fans compete on the basis of knowledge 
and number of concerts attended, Audrey and Newton users 
compete to demonstrate novel and wide-ranging use of the 
device, and Xena fan-fiction authors compete for awards on 
the Athenaeum Web site and strive to have the most intri- 
cate and accurate costumes Competition enables members 
to distinguish themselves from one another and to create a 
social hierarchy that members reference strategically Con- 
sider this posting from the Lomo community “Lomo wiz- 
ard! You’re good man, but check mine and Avery’s out!! We 
got some sweet effects in the urban set we did Surely, 
you']l admit we're in the game!!!" Photography becomes а 
competitive, noncontact sport 

It 1s through practices that brand fans become brand 
devotees In addition to developing explicit and tacit perfor- 
mative skills, they also develop local cultural capital 
resources that differentiate them 1n terms of status within 
the community (Holt 1995) Consumers who achieve status 
within the brand community are reluctant to give 1t up 


I'm into the whole scene, but the truth 1s I stay ш the 
scene because I'm really known for my authentic cos- 
tumes and my swordsmanship I mean people know me 
because of 1t and they seek me out to see what I've made 
lately or what moves I developed It's theatrical and I 
guess I have "fans" Sure I sell some of what I make 
but it doesn't really make money or cover costs I have a 
very expensive Xena habit and what I make on the cos- 
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tumes doesn't scratch the surface (Sondra interview, 
07/18/02) 


Sondra’s status within the Xena community 1s a source of 
pride, she stays engaged because she garners the admiration 
of others in the brand community, and this increases the 
value she experiences from the brand 

These tendencies reveal the *micropolitics of consump- 
tion” (Holt 1998, p 22), or the ways cultural capital pur- 
suits are enacted in everyday brand community life Mem- 
bers of brand communities accrue cultural capital through 
the accumulation of an increasingly diverse set of 1ncreas- 
ingly intricate practices They work to maintain it These 
tendencies also suggest an overall positive trajectory of cul- 
tural capital (Holt 1995) in brand communities, with mem- 
bers valuing and safeguarding what they have accumulated 


Practices produce a repertoire for insider sharing Prac- 
tices provide participants with an almost inexhaustible 
source of shared insider jargon and modes of representa- 
tion, which enhance consumers’ brand experience Consider 
possibilities arising from the practice of customizing The 
following post responds to a request for information about 
uneven ride in a “lowered” Mini 


[P]rogressive rate springs are more sensitive to load than 
linear rate springs—load being your weight Also, never 
use the fenders as a measuring benchmark, front fenders 
are used to “take up” build tolerances The rear fenders 
are typically much more accurate as these are part of the 
unt-body In the rear, measure from any of the three 
bolts that are used to adjust toe on the rear trailing arm 
Up front, use the inner ball yoint—front part of the control 
arm And, while measuring, you can use the outer ball 
Joint up front and the lower rear damper bolt to measure 
across the car—an X pattern—to determine squareness 
(6th Gear, No ID) 


The practical activity of measuring and adjusting springs 1s 
embedded within a complex set of customizing practices 
designed to augment the car’s coolness factor by decreasing 
the distance between the tires and the wheel well, thereby 
accenting the wheels Other related threads are devoted to 
discussions and pictures of this distance and of wheel/tire 
sizes and configurations The “show me your wheels” 
thread contains more than 4500 posts of photos of wheels 
One post 1n this thread brags “Almost No Clearance” in the 
caption to one photo, evoking admiration from multiple 
posters (eg, “msfit that ıs just ridiculously hot! now 1 
really want the kdw2’s” [2nd Gear, Queens, NY], “yea, 
drop it to 40's and never ‘rub’ agam, PM SENT!!” [6th 
Gear, EastSide]) Often, this linguistic play takes the form 
of exchanges of photos accompanied by short lists of prod- 
uct attributes (e в, “Gram Light 57S 17x75 with Dunlop 
SP Sport Maxx 215/45 40 mm offset, rubs with M7 
springs” [4th Gear, same as yesterday]) 

In the StriVectin community, insider information trading 
often involves combining StriVectin with other products 


People are impatient for results They don’t realize that 
StriVectin isn't that effective as a standalone application I 
need to tell them all the tıme, “You need to reinforce its 
effects by using skin-friendly products in general It’s not 
а miracle" You need a whole routine that supports it 

StriVectin only works if you modify your whole beauty 


regime I’m constantly reminding people in the forums, 
especially those who claim it 1sn’t working (Clara inter- 
view, 06/21/2006) 


Clara admits that whatever results she identifies are from an 
entire consumption set, not Just one product She says that 
she shares the most effective uses of StriVectin with other 
community members and recommends complementary pur- 
chases that will enhance consumers’ realized value As 
these examples illustrate, jargon does the boundary work 
typical of dialects and provides a creative repertoire for 
insider sharing This linguistic repertoire of representational 
forms and the trading ıt facilitates foster, recreate, and 
strengthen the community They also create consumption 
opportunities 


Practices generate consumption opportunities Through 
practices, members generate, reify, and perpetuate con- 
sumption behaviors and patterns Consider the practice of 
documenting Documenting captures and formalizes a con- 
sumption practice However, 1n doing so, 1t provides а tem- 
plate on which other members can build One person per- 
forming (and documenting) a modification invites others to 
perform the same and other modifications In this way, doc- 
umenting serves a constructive community function by 
establishing scaffolding on which others can build and 
develop further practices Similarly, engagement in the 
milestones, memories of milestones, and the retelling of 
milestone memories inspires more consumption Within the 
TPATH community, it 1s a common practice to commemo- 
rate first concerts with anniversary concerts, as when fans 
who first saw TPATH in 1985 make a point of attending 
TPATH concert dates 1n 2005 to mark the 20th anniversary 
of their first TPATH concert Notably, these anniversaries 
are consumption anniversaries, not significant band dates or 
dates that even have other social importance to the fan 
Likewise, in the Jones Soda community, consumers discuss 
their experiences with the Jones promotional vehicle and 
their decision to follow 1t to another locaton These kinds 
of conversations perpetuate and extend consumption 
behaviors 

Grooming practices lead to new consumption, dictating 
what 1s appropriate 1n caring for the brand Additional (and 
community-sanctioned) supplies must be purchased and 
used in the approved manner In the TPATH community, 
TPATH 1mage- and logo-adorned clothes are valued, and 
the community discusses care and laundering of these 1tems 
to extend the clothes’ life while retamung the precious 
meanings associated with tours 


It’s а tricky thing, you want to wear the T-shirts [with 
band images and tour info] because you were there You 
sort of relive it or at least vividly recall the concert when 
you pull the shirt out of your closet, but you know that 
every wear brings the shirt one more step closer to 
destruction І wash mine in Woolite It drives my wife 
crazy If she doesn’t pull 1t aside and put ıt in the gentle 
cycle, I get pretty pissed off Ме have a system now, we 
wash them [concert T-shirts] with her lace delicates, but 
not with any hooks and clasps—we can't risk holes! (Kyle 
interview, 05/18/2000) 


Kyle’s determination to wear his memorabilia means that he 
must be careful when wearing and washing the garments 
because both contribute to their destruction His devotion 
brings about consumption of a specialty detergent, Woolite, 
and he risks domestic conflict 1n insisting that his wife 
employ special washing procedures Documenting often 
functions as a manual of discursive how-to-consume 1nfor- 
mation This becomes important to community reproduc- 
tion when the behavior 1s complex By simplifying or 
encouraging complex behavior and actions, practices allow 
members to become more deeply engaged with the brand 
and community and, thus, to institutionalize consumption 
behaviors Here, Warde’s (2005) assertion regarding the pri- 
macy of practices 18 most evident Indeed, consumption fol- 
lows from practices rather than vice versa Practices contin- 
ually create and perpetuate new opportunities for 
consumption 


Practices evince brand community vitality It has long 
been understood that numbers of posts, replies, and hits 
provide evidence of participant interest 1n online sites Our 
analysis would also suggest that the existence, number, and 
diversity of practices that can be assessed on brand-related 
Web sites offer additional methods for assessing brand 
community vitality For example, North American Motor- 
ing, Newton, and the Shipper Seasons Xena Web sites 
evince full-fledged practices ın terms of the tripartite defini- 
tion we outlined at the outset of the article Procedures, 
understandings, and hedonic engagement, not to mention 
specialized vocabularies, are all evident In contrast, at the 
various Jones Soda sites, there 1s considerable evangelizing 
on the guestbook and badging and customizing through the 
creation of personalized labels, cap, and banner quotes 
However, little evidence of the development of special sym- 
bols or language, or of performances specific to the Jones 
community, can be found Instead, such elements are bor- 
rowed from broader subcultures and various musical gen- 
res Furthermore, in contrast to the hundreds of threads 
consisting of scores of posts and responses on the Mini, 
Newton, and Xena sites, at Jones Soda sites, there are few 
threads (see Appendix B) Posts and replies across the vari- 
ous forums rarely exceed a handful, nor do site moderators 
actively intervene, a source of some frustration among 
posters Thus, the music forum 1s marred by the presence of 
apparently unpoliced spam, and there 1s little evidence of 
emergent community leaders at the Jones sites, in contrast 
to North American Motoring (e g , do-it-yourself mechan- 
1cs) or Xena (е g , prominent fan-fiction authors) 

On the basis of these observations, we assert that more 
practices evince brand community vitality We postulate 
that stronger brand communities present a more diverse 
constellation of practices than weaker brand communities 
Furthermore, the practices of stronger brand communities 
are more complex and require more insider knowledge than 
the practices of weaker, less cohesive brand communities 
Finally, hosting of online and real-world interaction spaces 
seems to be an antecedent to vitality These assertions await 
testing 1n further research 


Practices create value By now 1t should be clear that 
consumers create value through their participation 1n brand 
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communities and, specifically, in the enactment of prac- 
tices Through 12 practices, consumers affect the entire 
marketing mix Each practice serves to enable brand use 
and encourage deeper community engagement Practices 
must be known to be repeated and must be repeated to 
become part of the value creation repertoire By providing 
opportunities to demonstrate competencies, practices allow 
members to accrue cultural capital through adroit perfor- 
mance, which creates value for the consumer Specifically, 
evangelizing creates value by enlarging the brand commu- 
nity and its human resource base while enhancing the brand 
perception outside the brand community Empathizing cre- 
ates value by providing affective resources within a sympa- 
thetic social network This support system acts as a signifi- 
cant switching cost for consumers who come to depend on 
it Grooming creates value by preserving the brand’s perfor- 
mance and appearance Customuzing creates value by offer- 
ing unique but reproducible solutions to user challenges 
Milestoning and badging create value by providing a motif 
with which to build brand meanings associated with the use 
Journey 

Practices structurally add value by making actions 
reproducible and repeatable, thus allowing more consumers 
to derive greater value from the brand Consider an example 
from the Audrey brand community Because the brand 1s no 
longer supported by the marketer, the repeatability of 
actions takes on an added urgency Members must provide 
sufficient detail 


This page explains how I got a Korn shell running on my 
Audrey It was a pain in the neck, but now the work 1s 
done and it ought to be easier from this point on This 1s 
an overview of what I did 1 Get an Audrey flash ROM 
image on disk from someone who knew someone who 
apparently serviced Audreys, and had a Compact Flash 
card that was used to restore Audreys to their orginal 
state Without this image, I would have probably gotten 
nowhere 2 Using the QNX RTP, dump the contents of 
the Audrey file system to disk 3 Add pterm, ftp, and a 
clever web page to my local copy of the Audrey file col- 
lection 4 Regenerate the embedded file system 5 Put the 
file system back on the Audrey image, and flash st back to 
the Audrey 6 Let the Audrey auto-update itself back to 
the 1 02 08 01 final version 7 Run the shell and explore! 


This description presumes considerable how-to, know-how, 
and literacy, but it 1s also a detatled accounting that others 
should be able to replicate Without such description, few 
(if any) consumers would be able to realize any value from 
the Audrey brand 

We argue that value underlies all practices and that 
engagement in practices 1s an act of value creation This 
insight ıs intrinsic to explanations of value ın traditional 
society (Mauss [1925] 1990) Simmel ([1907] 1990) sug- 
gested (echoed in Miller 1987, 2005) that it 1s exchange or 
interactivity, which 18 at the origin of both rarity and utility 
on which modern economic value rests (Ramirez 1999, p 
51) In other words, “the actual values which firms 
endeavor to manage are thus neither purely subjective 
nor objective, Бе they exchange or utility values They 
are interactively established” (Dean, Ottensmeyer, and 
Ramirez 1997, р 431) We also argue that the consumer 
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who engages 1n practices 1s both an operant and an operand 
resource (Vargo and Lusch 2004) On the basis of the fun- 
damental insight that services are the coproduction of value 
through situationally contingent actions between customer 
and supplier, we argue that 1t 1s of greater value to focus on 
the array and density of common activities that are produc- 
tive of value 


Discussion 


Using extended ethnographic methods, we unearth 12 prac- 
tices common to an array of brand communities, thus pro- 
viding a catalog that generalizes beyond particular activities 
documented ın case-based studies We then situate these 
practices in the extant brand community literature and 
deconstruct them to better reveal their mechanics Practices 
have a common “anatomy” and varied “physiology” evinc- 
ing discursive knowledge, or explicit procedures for doing; 
know-how and tacit elements, or taken-for-granted knowl- 
edge of worthy projects, and affective commitments to 
brand-centered practices, as well as intra- and interthematic 
linkages We find that practices evidence remarkable con- 
sistency 1n a range of product category classifications. Prac- 
tices foster consumption opportunities and create value for 
both consumers and marketers Our study offers insights 
into collaborative consumption and value creation in brand 
communities, organizes the current knowledge of collective 
brand-based actions, and suggests what 1s needed to support 
collaboration 


Theoretical Contributions 


Prior literature has not systematically analyzed collective 
value creation or used consistent terminology (“ргасісеѕ” 
and "collective action") or methods for uncovering insights 
(e g , prolonged research engagement, participant observa- 
tion, netnography, interviews) Stil, across disparate and 
noncomparable studies, we find considerable evidence that 
the practices we catalog here occur 1n the data sets of other 
published articles in marketing and consumer research 
Likewise, previous studies on the production of value in 
brand communities have tended to focus on the idiosyn- 
crasies of individual communities (Kozinets 2001, Leigh, 
Peters, and Shelton 2006, Schouten and McAlexander 
1995) Our examination of collective value creation in 
brand communities 1s distinguished from the current accu- 
mulated knowledge of brand-based collectives in three 
important ways (1) We move beyond the prior literature’s 
examination of a brand community single case study or 
even comparative brand community studies to achieve a 
taxonomy of common collective actions that are present 
across communities centered on a wide range of products 
and services, (2) using practice theory, we catalog the col- 
lective actions 1n our data and prior published studies, 
which have three integrative anatomical parts (understand- 
ings, procedures, and engagements), and (3) we offer ways 
collaborative value creation can be fostered and nurtured in 
the marketplace through practices in brand communities 
Our research suggests aspects of practice that each research 


stream has ignored but might fruitfully incorporate 1n the 
future 

Our study resolves some limitations in prior research 
For example, Bagozzi and Dholakia (2006) find that only a 
tiny fraction of the variance in brand identification 1s 
accounted for by social identity value We suggest that this 
1s because social identity value 1s only a fraction of the val- 
ues realized ın brand communities Similarly, Algesheimer, 
Dholakia, and Herrmann (2005) show that consumers’ rela- 
tionship with the brand 1s often a function of a host of indi- 
vidualistic factors The practice perspective in our work 
indicates that such uninspiring findings may derive from a 
focus on individual differences and subjective utilities In 
contrast, our findings show how knowledge 1s transferred 
from insiders to 1nitiates—that 15, how “people come to an 
understanding of what 1s required by the practice and their 
role within ıt” (Warde 2005, р 148) Our research suggests 
that through apprenticeship 1n specific practices and learn- 
ing of intra- and interthematic relationships, newcomers are 
created as members through their progressive appropriation 
of practices (Duguid 2005, Reckwitz 2002) More specifi- 
cally, our research goes beyond the study of knowledge 
exchange (Anand, Gardner, and Morris 2007, @sterlund 
and Carlile 2005) to the creation of value through customer 
engagement This 1s an aspect not explored ın the extant lit- 
erature on practices and 1s only hinted at 1n user innovation 
research (Franke and Piller 2004) Thus, our research pro- 
vides a significant and beneficial contribution from both a 
managerial and an academic perspective 

Our research supports three emerging perspectives 1n 
marketing (1) Value 1s manifest 1n the collective enactment 
of practices, which favor investments ın networks rather 
than firm-consumer dyads, (2) ceding control to customers 
enhances consumer engagement and builds brand equity 
(Cova, Pace, and Park 2007), and (3) firms derive added 
brand value by creatively using willing customer (operant) 
resources (Vargo and Lusch 2004) Our research shows that 
healthy brand communities have a presence in all practice 
areas shown 1n Figure 1 and a depth within practices that 
fosters prolonged engagement The most successful brand 
communities continuously evolve and encourage collabora- 
tive brand engagement, and practices that stagnate are 
modified or replaced by those that are vibrant and dynamic 


Managerial Implications 


Our research demonstrates that 1f firms give consumers the 
opportunity to construct brand communities and the free- 
dom to modify their products, they will Therefore, we 
argue that companies should provide customers with the 
opportunities and materials with which to welcome, badge, 
document, milestone, evangelize, and so forth We argue 
that 1f more practices lead to a stronger brand community, 
marketers should strive to encourage greater diversity in 
practices because these multiple opportunities serve to cul- 
trvate these markets Our findings illuminate opportunities 
to grow, not simply exploit, “customer competence" (Praha- 
lad and Ramaswamy 2000) and, thereby, to build more 
cocreative (Vargo and Lusch 2005) brand partners This 
research reaffirms the importance of encouraging practices 


among brand communities More significantly, 1t suggests 
how Companies that want to encourage cocreation should 
foster a broad array of practices, not merely customization, 
as 1s the current focus (Etgar 2008, Franke and Piller 2004, 
Prugl and Schreier 2006, Von Hipple 2005) The Twilight 
Saga, a set of books by Stephenie Meyer, illustrates the art 
of collaborative value creation by inspiring the development 
of collective practices Unlike the Harry Potter series, 
which also strongly resonates with young adults, Meyer and 
her publisher have at every stage of their promotional cam- 
paign encouraged collaborative product use Though per- 
haps unaware of the full potential we find in our study, they 
encourage the practices we have identified An official Web 
site equipped with forums invites welcoming, evangelizing, 
and justifying among readers By setting up subcommuni- 
ties such as Twilight Mothers, the brand encourages staking 
and social differentiation among the fan base Through 
threads in which fans are asked to share a broad range of 
thoughts on politics, spirituality, and philosophy, the official 
Web site encourages empathizing Through creation of a set 
of escalating patterns of engagement 1n the brand and the 
site, the corporate host creates and inspires milestoning, 
badging, and documenting Through fan-fiction contests, 
the brand supports customizing Through tips on how to 
store signed or first-run copies, the publisher inspires 
grooming The only practice the Twilight brand does not 
openly advocate is commoditizing The brand community 
has gone off-site to pursue commoditizing, with Twilight- 
inspired jewelry and artifacts for sale on eBay and paid 
distribution of Twilight newsletters that promote fan-run 
events that often charge a fee 

Our findings suggest that there are specific recipes for 
managers to follow to foster brand community One simple 
managerial tactic 1s seeding practices For example, a firm 
might find that 1t has a brand-centered community that has 
evolved brand use practices but few, 1f any, social network- 
ing practices To ensure the health of the brand community, 
our research suggests that the firm should foster or sponsor 
social networking practices to build and sustain the commu- 
nity and to inspire further cocreation Given that practices 
are emergent and become self-perpetuating 1n organic brand 
communities, such as Newton, Xena, and others, marketers 
should be able to encourage their development Agents of 
the marketer could imitate basic practices 1n a brand- 
centered forum, documenting any modifications they make, 
or as 1n the Mini community, aftermarket providers could 
be encouraged to offer up various brand-centered customiz- 
ing (racing modifications), grooming (detailing techniques), 
and documenting practices (eg, transportation tracking 
utilities) Such approaches should be predicated on condi- 
tions of transparency rather than furtive lurking and “astro- 
turf’ creation In other words, the marketer’s agents need to 
disclose their affiliation to reduce the likelihood that con- 
sumer market distancing/commoditizing practices would 
exclude the marketer or keep the marketer at arm’s length 

In a more complex move, marketers could foster com- 
munity engagement by encouraging the interacting prac- 
tices to promote engagement We demonstrate that when 
combined with badging as part of documenting brand use, 
milestoning leads to increased community engagement 
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Marketers could encourage this tnpartite constellation of 
practices by giving away branded journals in which con- 
sumers can record their experience To facilitate brand use 
practices such as customizing, firms could create a Web site 
that allows consumers to tweak the brand logos to suit their 
own color schemes or to include owner name or initials, 
perhaps going so far as to sell customized brand logos and 
automobile hood badges 

This research provides guidance for new product devel- 
opment New product development requires two types of 
information information on customer desires and informa- 
tion on how to best satisfy them (Thomke and Von Hippel 
2002, Von Hippel 2005) A focus on practices reveals both 
The development of a practice frequently follows the 1denti- 
fication of a thwarted desire or high-fidelity need (Von Hip- 
pel 2005) a way to combine StriVectin with makeup, a way 
to identify all Starbucks stores in an area (Garmin), a chan- 
nel to express one’s independent musical vision (Jones 
Independent Music), or a way to give the Mint the show- 
room shine off-the-shelf options do not provide The emer- 
gence of the practice reveals the desire The evolution of the 
practice reveals information on how to satisfy that need 
Firms might wisely condone the most successful consumer- 
created aftermarket practices, perhaps going so far as to 
release official branded versions of the formulas devised 
through community beta testing Firms might also want to 
cobrand with the community ш these efforts 

A focus on practices, particularly with a long-term 
orientation, provides marketers with a better vantage on 
high-fidelity needs than the typical focus on low-fidelity 
needs (O’Hern and Rindfleisch 2007) Community par- 
ticipants’ needs develop from the relatively low-fidelity 
needs of the newbie to the high-fidelity needs evident 
among “6th Gear" Mini members, experienced Xena соп- 
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tent creators, or Audrey, Newton, and Garmin software 
developers Companies such as Harley-Davidson that have 
experienced some stagnation in brand value might use such 
insights to identify unexplorted high-fidelity needs to build 
out underserved markets (see, е g , Martin, Schouten, and 
McAlexander 2006) Finally, companies such as L’Oreal 
that have developed a conversational model of relating to 
customers segmented on their degree of creative 1nvolve- 
ment could structure and develop high-fidelity “content” for 
these conversations through the practices framework (Dias 
2008) 


Further Research 


Although we identified 12 practices common to nine brand 
communities and found evidence of these practices lurking 
1n prior literature, we hope to inspire researchers to return 
to the data sets we assessed or collect new data to unpack 
the operation of a broader set of practices as they appear in 
a wider array of brand communities Such research might 
lead to a greater understanding of the necessary and suffi- 
cient conditions for brand community vitality and deepen 
the theoretical understanding of how value 1s created When 
can firms successfully encourage value-creating practices to 
achieve strategic goals? Which practices or constellations of 
practices are most likely to yield significant value and under 
what conditions? Why do some vital communities success- 
fully emphasize social networking and community engage- 
ment (Moisio and Beruchashvih, 1n press), and others brand 
use (Mathwick, Wiertz, and De Ruyter 2008)? How do 
some communities successfully attract and engage partici- 
pants, while others do not? Refining understandings of 
value-creating practices 1n existing brand communities 
should prove useful 1n creating novel strategies that further 
leverage the collaborative tendencies of marketplace actors 
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Definition 


Welcoming 
3Com 
Audrey 


Empathizing 
Newton 


Evangelizing 
Xena 


Justifying 
Lomo and 
Holga 


APPENDIX B 


Physiology of Practices 


_______________________ ~ 6 


Procedures 


Explicit rules, principles, precepts, and 
instructions, what 15 sometimes called 
discursive "know-that" knowledge 


The community must actively recruit 
and retain users because 3Com has 
abandoned Audrey Welcoming 
potential and new users to the fold 15 
an important practice The procedures 
for welcoming are laid out in the Audrey 
community lead the newbies to the 
FAQs (frequently asked questions) This 
is where a newbie “ought to start” 


The Apple Newton is a product in a 
state of marketplace abandonment for 
nine years, and it is in real danger of 
attrition or of parts breaking and the 
whole not working It 15 facing 
extinction This threat inspires 
empathizing practices For users, 
stories of battery miracles are 
empathizing practices because they 
mitigate the threat of extinction Users 
recite the rites to be used when the 
battery has “died,” providing solutions 
and emotional support for those who 
experience battery failure 


Spreading the word takes the form of 
consumer-generated content 
Procedures include development of 
tertiary texts (Fiske 1987)—stories that 
fill in narrative gaps For example, 48 
episodes of “shipper seasons” deal with 
the Xena-Ares relationship, 36 
episodes of "хит" seasons fill out the 
lesbian subtext, fiction “challenges” 
invite writers to imagine alternative 
endings or points of view, genres such 
as "uber" take essential character 
elements and transplant them to other 
times and places Postshow "seasons" 
production details are explained online 
Feedback is solicited Consistency with 
show plotlines and relational 
entanglements tend to be worked out 
on chat page discussions of favorite 
episodes and assessments of the true 
meaning of events and relationships 


Procedures include proving the ability 
to perform in more mainstream, 
photographic genres Users of Lomo 
and Holga justify their devotion to the 
toy camera by demonstrating that they 
can/do use more technologically 
sophisticated cameras but find merit in 
the quirkiness of the Lomo and Holga 
effects Lomo and Holga users often 
post galleries of their lomography and 
their more traditionally oriented 
photography interlinked 


Understandings 


Knowledge of what to say and do, skills 
and projects, sometimes called "know- 
how" (i e , tacit cultural templates for 
understanding and action) 


Audrey users understand that to inspire 
continued user developments, the 
community must attract new users 
Converting the newbies to committed 
use involves welcoming them and 
making them feel that they are valued 
in the community 


The understanding is that there is some 
intervention that cannot be fully 
explained There is a spirituality 
embedded in the technology, such that 
if the correct rites are performed the 
battery may indeed come back to life It 
1s understood that the procedures are 
not fail-safe or that the user must 
supply efficacy or faith for a successful 
outcome to be achieved It 15 also 
understood that this can only be 
accessed by fellow users' support, 
battery miracles depend on the 
collective to support one another in 
performing the rites 


Fan-authored "episodes" and other 
tales must be open-ended and, in 
general, employ soap opera 
conventions—for example, hooks and 
bubble episodes (anachronous and 
asynchronous tales, dream 
sequences), feminized narrative forms 
are emphasized, realism is stressed in 
the relationships, not in the where or 
when of events (thus, Hercules, Jesus, 
and Romans coexist) Understandings 
include consistency with show plotlines 
and relational entanglements 
Characters conform to Jungian 
principles For example, Xena/Ares = 
anima/animus or union of duality, bad 
Xena/good Xena and Livia/Eve = 
shadow/self-duality 


Understandings include the 
presentation of traditional skills to justify 
the use of their time and effort on a toy 
camera that was originally intended for 
novices to capture images The 
idiosyncratic image effects are deemed 
to be more artistic and credible and 
time and effort outlays more justifiable 
because the photographer is trained 
and competent in the traditional 
methods 


Emotional Engagements 


Ends and purposes, which are 
emotionally charged, in the sense that 
people are attached or committed to 
them 


Engagement in welcoming practices 
18 a community building exercise, 
correlated to product development as 
a larger user mass excites innovation 
Welcoming is a positively valenced 
emotional engagement 


The engagement rests on the need 
for the battery as an underlying 
necessity for product use "No juice, 
no use" It also depends on the ability 
of users to support one another in the 
rite and the mustering of faith or 
efficacy Newton users believe they 
own and use the best technology 
available and that it takes a village to 
keep the Newtons operating 


Engagement includes authoring 
stories that enact value commitments 
and personalities of the key figures— 
a proactive version of the passive 
identity work identified in research on 
soap operas (Van Evra 1990) 
Commitments to costuming, 
conventions, and celebrating the post- 
Xena careers of key stars are also 
part of the Xenaverse 


The emotional engagement rests on 
the freedom to abandon objective 
realism The ability of the 
photographer to seek the surreal 
imagery and the fantastical elements 
of the images It is spiritual in nature 
because the effect is idiosyncratic and 
unpredictable and the outcome 15 
otherworldly 
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APPENDIX B 
Continued 


—————————————— ___— 


Practice 


Milestoning 
TPATH 


Badging 
Mini 


Documenting 
Xena 


Grooming 
StriVectin 


Commoditrzing 
Garmin 


Procedures 


Fans of TPATH are encouraged to 
explicitly mark their concert events 
anniversaries, and there is a protocol 
for concert storytelling The concert 
stories are real-life events, and the 
concert must be explicitly interwoven 
into the fan's larger-life narrative Unlike 
documenting, which focuses on the use 
Journey, milestoning focuses on an 
episode of use and how it is situated 
into the consumer's life 


Badges provide symbols of 
experiences associated with the brand 
or the collectivity North American 
Motoring community badges (illustrated 
in Appendix A) are consistent in shape 
and style Knowledge of how to make 
them is shared online Badges refer to 
car colors, to model, to geographic 
club, or to real-world performances, 
such as driving a particular rally route 
in the Rocky Mountains or South 
Carolina 


Documenting shares the individual 
Story of the Journey of brand collectivity 
engagement Documenting focuses on 
the trajectory of the brand experience 
and brand relationship Procedures 
include recounting a confessional tale 
about engagement Family ties play a 
role in socializing participants in their 
inital viewing mom and daughter, older 
sister and younger sister, perhaps a 
romantic partner 


Discourse surrounds how to care for 
the product itself while it 15 in the 
consumer's care These are not 
mandated or suggested by the 
manufacturer For example, consumers 
are advised to extract the cream from 
the tube with a clean implement other 
than a finger tip, most often suggested 
as a makeup sponge After the bottle is 
opened, consumers advise one another 
to be sure to clean the tube tip before 
recapping to avoid cream 
debris/residue on the tube Consumers 
even suggest the tool to be a Q-Tip 
straight from the box to avoid germs 


Detailed instructions are posted on the 
importance of protecting the Garmin in 
transit or between uses Toward that 
end, there 15 a practice of consumer- 
produced “snugglies,” or protective 
pouches/sheaths, for the Garmin The 
snugglies should be made of soft, 
smooth material that cannot scratch the 
Garmin’s display face Microfiber 
fabrics, such as those made to clean 
eye glasses, are most preferred 
Instructions for how to sew these 
fabrics are explicitly laid out These 
snugglies are deemed by the 
community to be far superior to any 
Garmin accessories on the market 
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Understandings 


The understanding here ts that TPATH 
Is not just a band with catchy music but 
a band that provides the soundtrack of 
fans’ lives Various TPATH events 
anchor the life narratives of fans, and 
fans who engage tn this milestoning 
practice have an understanding of how 
to convey their concert stories They 
have a jargon, a phrasing, anda 
manner of interweaving lyrics into life 
events 


Badges are displayed horizontally 
Group badges are supplemented by 
personal emblems These typically 
include a humorous or tronic cartoon of 
car and омпегз handle 
Northamericanmotoring com also 
generates individual badges that vary 
from “neutral” to “sixth gear" and are 
understood to represent depth of 
engagement with the community 


Tacit elements pertain to the content of 
the confessional tales tales of rejection 
of Xena and eventual acceptance and 
tales of errancy and return to Xena 
Engagement with Xena ts associated 
with maturity Engagement also entails 
appreciation of the complexity of the 
Xena character and of Xena and 
Gabrielle’s multilayered relationship or 
Xena and Ares profoundly ambivalent 
relationship The emotional ambiguity of 
the story Is not appealing to all 


The knowledge the consumers share 
pertains to the affect of dirt (Mary 
Douglas's notion of “matter out of 
place”) and germs on the active 
ingredient in the cream It situates the 
product into the cleansing and skin- 
care category (highlighting medicinal 
and curative associations) rather than 
to a beauty cream The skin surface 
should be clean and dry before 
application, and the product itself 
should be extracted by clean, some 
even suggest sterile, implements 


The understanding here ts that the 
Garmin's face is anthropomorphized 
and described within the community as 
fragile This is not a manufacturer 
assertion Unlike eye glasses, which 
consumers liken the Garmin display to 
be, the Garmin’s screen 15 touch- 
driven, or made for tactile manipulation 
As such, it is not objectively fragile or 
easily scratched Within the community, 
Garmin’s screen is vulnerable and must 
be protected with aftermarket, user- 
generated snugglies 


Emotional Engagements 


The emotional engagement involves 
bringing TPATH into the fan’s life in an 
intimate and compelling way The 
music 15 clearly distinguished from 
background music as a central 
component in the life stories of fans 


Rally badges reflect achievements 
“Justacooper” badges reflect a “little 
engine that could” ethos Regional 
club badges speak to more general 
consciousness of kind and moral 
commitment 


For women, Xena is often named as 
a role model For men and women 
alike, the notion of falling in love with 
a beautiful "kick-butt" woman provides 
a platform for emotional engagement 


The procedures and understandings 
position the use of the product into a 
scientific understanding and perhaps 
enhance the consumer's perception 
of effectiveness The emotional 
engagement rests in the consumer's 
faith in science as a solution, in which 
a restorative cream “fountain of youth” 
Is scientifically going to improve the 
skin’s appearance (Tissiers-Desbords 
and Arnould 2005) 


The emotional engagement stems 
from the sense that Garmin assists 
the users in locating themselves and 
their destinations and protecting them 
from becoming lost and from danger 
and embarrassment, and in turn the 
users protect the screen when it is 
not in use or is in transit The 
emotional relationship is made 
reciprocal through the 
anthropomorphism and creation of 
gentle protective sheaths 
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Continued 
ee ee ыз озшш оз шел ————-—————=——— 
Practice Procedures Understandings Emotional Engagements 
Consumers who successfully produce 
snugglies are encouraged to sell these 
online within the community Notably, these 
user-created sheaths are even suggested 
for use with the Garmin accessory units or 
carrying cases 
Customizing There are explicit rules for entering the Тһе contest participants understand Contest participants vie for a 
Jones label contest, including instructions for that they publicly post their submission community distinction of having a 
Soda what images are acceptable (e g , no on the official Jones Soda site and “label run,” in which their label 15 
pornography or other illegal behavior must garner the support of the featured on a publicly distributed 
depicted, size and resolution community to win placement on a Jones Soda bottle for a specified 
parameters) All photograph Jones Soda label They campaign for duration This “prize,” though it 
submissions must include a model their images on the site through contains no cash award or even a 
release and a photographer release to agreed-on cultural templates (е g , product, is a highly desired 
be entered in the contest Each inserting a Vote Jones button that community distinction Those with 
submission has a six-month active directs voters to a submission їп an e- labels chosen for public distribution 
voting period before it ts archived mail distributed to friends, posting a become part of the coveted “rare 
Images may be reposted Votes are message on the Jones forums, Jones Soda bottles” that consumers 
tallied and adjusted for computer and including the Vote Jones button, setting find off the street, collect, and trade 
IP address, meaning that people up a personal Web site/blog that Emotional engagement is palpable in 
cannot vote multiple times for a contains the Vote Jones button) the contest and on the forums in 
submission In contrast, photographs Though not formally stated, the Vote which consumers query others as to 
for customized labels do not require the Jones button is tacitly understood to whether their label has been spotted, 
legal releases but must conform to the accompany ail vote solicitations This discuss label winners, and trade 
size and resolution parameters button indicates the official status of the spotted bottles In contrast, the 
label submission and ensures proper customizable labels are charged with 
content for potential viewers (e g , no a different emotional engagement, in 
pornography) There is no mechanism which consumers create the labels, 
in place to prohibit promoting your knowing that they will have 12 bottles 
submission without the Vote Jones with their labels They anxiously await 
button In contrast, the customizable delivery and plan the gifting/use of 
label submissions do not get vetted their bottles Some purchase runs for 
through a community vote, nor must special occasions, adding the 
they be posted in any publicly personalized labels to weddings, 
accessible domain graduations, birthdays, and so forth 
— —————————————— m——J"————————————ssáíÀ——————————————————imst 
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Vanitha Swaminathan & Christine Moorman 


Marketing Alliances, Firm Networks, 
and Firm Value Creation 


Prior research has found that the announcement of marketing alliances tends to produce no effect on firm value 
creation in a high-tech context This article reexamines this issue and investigates whether the characteristics of a 
firm's network of alliances affect the firm value created from the announcement of a new marketing alliance The 
authors investigate whether network centrality, network density, network efficiency, network reputation, and 
marketing alliance capability influence firm value creation They examine this question using an event study of 230 
announcements for marketing alliances in the software industry The results indicate that, in general, marketing 
alliance announcements create value (1 e , abnormal stock returns) for the firm in the announcement period event 
window Furthermore, network efficiency and network density have the strongest positive impact when they are 
moderate; network reputation and network centrality have no effect These results point to the greater role of 
relational network characteristics than size-/status-based benefits Finally, marketing alliance capability, which 
reflects a firm's ability to manage a network of previous marketing alliances, has a positive impact on value creation 


Keywords marketing alliances, networks, alliance capability, relatonship marketing, stock market effects, event 
study 


arketing has a long tradition of examining dyadic plex relational forms are referred to as "networks" (eg, 
exchange relationships involving buyer—-seller rela- Achrol and Kotler 1999, Gulati 1999, Webster 1992) Net- 


tionships (eg, Heide 1994, Palmatier 2008) and works are often viewed as a key strategic resource (Van den 
strategic alliances (e g , Bucklin and Sengupta 1993) How- Bulte and Wuyts 2007, Webster 1992) Despite this 1mpor- 
ever, research in this area has lagged in two respects Furst, tance, existing research has not examined how a firm’s net- 
in general, research has not examined how marketing work of partnerships influences the value created from the 
alliances affect the value of the firm Although a few excep- announcement of a new marketing alliance This 1s our sec- 
tions exist (е g , Houston and Johnson 2000, Kalagnanam, ond objective 
Shankar, and Varadarajan 2007), most marketing alliance This study examines how firm network features influ- 
research has examined relational outcomes (e g , Anderson ence the value from a new marketing alliance Specifically, 
and Weitz 1992, Dwyer, Schurr, and Oh 1987), revenue out- we consider whether (1) the firm has connections with other 
comes (Luo, Rindfleisch, and Tse 2007), and innovation firms (1e , network centrality), (2) the firm's network рго- 
outcomes (Rindfleisch and Moorman 2001) Given this gap vides firm access to new capabilities (1e, network effi- 
and the large investment firms make 1n selecting and man- ciency), (3) the firm’s network involves interconnections 
aging marketing alliance partners, examining the effect of among firms (1e , network density), (4) the firm's network 
marketing alliances on firm value 1s our first research has a strong reputation (1e, network reputation), and (5) 
objective the firm has a proven ability to manage 115 prior network of 

Second, it 1s increasingly common to find firms marketing alliances (1 е , marketing alliance capability) 

involved in multiple and interconnected alliances with Our approach departs from prior research, which has 
upstream suppliers or downstream buyers (1 e , vertical rela- focused on how firm network characteristics 1nfluence the 
tionships) and alliances with other firms at a similar level of firm's ability to form relationships with high-profile part- 
the value chain (1e, horizontal relationships) These com- ners (Gulati 1999, Hitt et al 2000) Instead, even after 


accounting for the ability of networks to attract partners, we 
provide new evidence that firm network characteristics play 
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Do Marketing Alliance 
Announcements Increase Firm 
Abnormal Returns? 


Marketing alliances are formalized collaborative arrange- 
ments between two or more organizations focused on 
downstream value chain activities (Das, Sen, and Sengupta 
1998, Rindfleisch and Moorman 2001) Consistent with 
recent research on the impact of marketing activities on 
firm value (eg, Geyskens, Gielens, and Dekimpe 2002, 
Mizik and Jacobson 2003, Rust et al 2004), we posit that 
marketing alliances can increase firm value in several key 
ways First, a marketing alliance gives the firm access to 
new markets (Bucklin and Sengupta 1993) For example, by 
forming an alliance with a well-entrenched retailer, a firm 
gains access to the retailer’s customers This access can 
increase the level and speed of firm cash flows Second, a 
marketing alliance provides a firm with access to entire 
products, product features, brands, or services (Kalaig- 
nanam, Shankar, and Varadarajan 2007) Such access can 
help the firm create stronger offerings, which can 1ncrease 
customer acquisition, satisfaction, and retention and associ- 
ated cash flows Third, a marketing alliance supplies a firm 
with access to new knowledge and skills (Rindfleisch and 
Heide 1997) Such access means that firms do not need to 
develop these internally Thus, cash flow levels due to lower 
costs and cash flow speed increase because the firm is 
accessing existing resources 

Despite these valuable contributions, little research has 
examined whether marketing alliances contribute to abnor- 
mal returns In marketing, Houston and Johnson (2000) find 
that firm returns from governance choice (1e, contract 
versus joint venture) ın buyer-seller alliances depend on 
supplier investments and the ability to monitor partners 
Kalaignanam, Shankar, and Varadarajan (2007) find that 
new product development alliances (some of which also 
involve marketing activities) improve firm shareholder 
value In strategy, Das, Sen, and Sengupta (1998) find a null 
effect for marketing alliances, and Koh and Venkatraman 
(1991) observe a null effect for marketing joint ventures on 
firm abnormal returns ! 

These null effects may be due to the samples including 
a range of industries (18 1n Das, Sen, and Sengupta [1998] 
and 11 in Koh and Venkatraman [1991]) rather than a spe- 
cific industry, such as the high-tech industry ın Kalaig- 
nanam, Shankar, and Varadarajan's (2007) study In the 
absence of industry controls, the impact of marketing 
alliances may be obscured by sample heterogeneity (Bass, 
Cattin, and Wittink 1978) These null effects may also be 
because these studies were conducted on data from more 
than 20 years ago (1987-1991 ın Das, Sen, and Sengupta 
[1998] and 1972-1986 in Koh and Venkatraman [1991]) 
versus Kalaignanam, Shankar, and Магадагајап 5 (1993— 
2004) study Over time, the contributions of marketing to 
the firm have advanced considerably 


Трав, Sen, and Sengupta (1998) focus on marketing and tech- 
nology alliance differences In their research, the effect of technol- 
ogy alliances on returns is positive and greater than marketing 
alliances, and the effect of marketing alliances 1s not significant 


Given the importance of marketing alliances, the 
paucity of research on the impact of marketing alliances on 
value creation, and the shortcomings of the available stud- 
1es, we investigate this issue again Consistent with our pre- 
vious arguments, we expect that the announcement of mar- 
keting alliances results 1n a positive reaction from the stock 
market Thus, we posit the following 2 


H, The announcement of a marketing alliance creates posi- 
tive firm abnormal returns 


Do Firm Networks Influence Firm 
Abnormal Returns from Marketing 
Alliance Announcements? 


Value Creation Mechanisms 


Firm networks mfluence abnormal returns from marketing 
alliance announcements through three mechanisms These 
mechanisms, which are derived from literature on the 
resource-based view of the firm and literature on market- 
based assets, play a role across the specific network charac- 
teristics we subsequently discuss 

First, networks multiply alliance benefits Anderson, 
Hákansson, and Johanson (1994) refer to this as the trans- 
ferability mechanism of networks Alhance-to-network 
transfers multiply the value created in the announced 
alliance because the firm deploys or replicates the value 
across geographies, industries, markets, or product lines 1n 
the firm’s network Network-to-alliance transfers multiply 
the value created 1п the announced alliance because the firm 
uses information and other resources from the network to 
create value in the announced alliance (Cohen and 
Levinthal 1990) When transfers of either type are effective, 
networks can help firms lock out competition and create 
dominant standards, particularly 1n markets (е g , computer 
software) 1n which network externalities are crucial to con- 
sumers’ adoption of products and services (Frels, Shervani, 
and Srivastava 2003) These multiplier mechanisms play a 
role 1n network centrality, efficiency, and reputation and in 
the firm’s ability to create value from its network of ргем1- 
ous alliances 

Second, networks facilitate alliance compliance When 
networks increase the pressure on a new partner to cooper- 
ate, to follow rules, and/or to conform to standards or 
norms, the firm needs to exert less pressure or to engage 
in less monitoring (Heide, Wathne, and Rokkan 2007) 
Compliance occurs because partners fear sanctions (due to 
network density), because partners conform to the requests 
of a central or high-reputation network player, or because 
partners are not competing in the same industry (due to net- 
work efficiency) 

Third, networks signal firm and alliance quality Creat- 
ing value from an alliance 15 not easy, and most alliances 
fail (Gulati and Kletter 2005) Thus, the existence of a net- 
work provides information about the firm’s ability to sus- 


2Consistent with the event study approach, all our predictions 
and tests involve the immediate returns accruing to the firm during 
the event window surrounding the announcement 
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tain alliances Furthermore, a network 1s difficult for com- 
petitors to replicate and to substitute with alternative 
resources (Barney 1991, Peteraf 1993) Finally, networks 
can serve as a barrier to entry This mechanism plays a role 
in network centrality, m network reputation, and ш the 
overall ability of a firm to generate better value from its net- 
work of marketing alliances over time 

Using the logic of these three mechanisms, we now 
offer formal hypotheses that link firm network characteris- 
tics to firm abnormal returns from a marketing alliance 
announcement Figure 1 provides a graphic illustration of 
the network variables we examine 


Network Centrality 


Three aspects of network centrality have been widely 
adopted degree, closeness, and betweenness (Freeman 
1979, Houston et al 2004) We focus on degree centrality, 
or the number of firms to which a firm 1s directly con- 
nected 3 Research shows that central actors tend to select 
good partners (Gulati 1998, 1999, Podolny and Stuart 1995, 
Powell, Кори, and Smith-Doerr 1996) However, beyond 
its effects on partner selection, how does network centrality 
enhance firm abnormal returns from a new alliance? 

First, network centrality gives the firm an opportunity to 
multiply alliance benefits through both alliance-to-network 
transfers and network-to-alliance transfers Alliance-to- 
network transfers can offer substantial opportunities for 
growth as the central firm applies the particular product or 
activity from the new alliance across its network (Capaldo 
2007, Grewal, Lilien, and Mallapragada 2006) For exam- 
ple, IBM used its alliance with Nortel to identify new data- 
networking solutions, which it applied to its network of 
hardware and software vendors to create industry standards 
for enterprise data centers Network-to-alliance transfers 
offer the central firm the opportunity to apply marketing 
processes or technologies developed 1n the network for the 
benefit of the alliance (Gulati 1998, Powell, Koput, and 
Smith-Doerr 1996) For example, Eli Lilly applied ехреп- 
ence from its network of alliances to create a successful 
alliance with ICOS when developing the drug Cialis 

Second, a central position reflects more social capital 
(Burt 2000) or status (Podolny 1993) As a result, alliance 
partners infer that a central network position means that the 
firm can wield power and influence As a result, partners are 
likely to grant a central firm more bargaining power, which 
enables the firm to design the new relationship for stronger 
financial performance For these reasons, we hypothesize 
the following 


Но There 1s a positive relationship between firm network cen- 
trality and firm abnormal returns due to a marketing 
alliance announcement 


3Network centrality as closeness (1e, the distance between 
firms 1n a network, Bond et al 2004) and betweenness (1e, the 
degree to which a firm 1s positioned on the shortest path between 
pairs of other firms, Tsai and Ghoshal 1998) has also been exam- 
ined We selected degree centrality given our focus on a firm’s ego 
network of alliances as the unit of analysis Closeness and 
betweenness centrality are more relevant when focusing on the 
entire network as the unit of analysis 
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FIGURE 1 
Network Characteristics and Definitions 





Key: 
•Вохеѕ represent firms 
•Вох shade signifies the firm’s industry membership 
*Box size signifies the firm's reputation 
eLines represent the existence of an alliance between two 
firms 
eLine heaviness reflects the strength of the alliance 
between two firms (not examined herein) 


Network centrality The number of firms with which a firm 18 
directly connected Firms A and D are the most central, and 
Firms E and H are the least central 


Network efficiency The degree to which the firm’s network 
of alliances involves firms that possess nonredundant 
knowledge, skills, and capabilities Firms B and C have the 
most efficient network, and Firms Е, F, G, and H have the 
least 


Network density The degree of interconnectedness among 
various actors пп a network Firms В, С, and F have the 
densest networks, and Firms E, G, and H have the least 


Network reputation The aggregate-level quality ascribed to 
organizations їп a firm’s network If we assume that the 
large boxes (ire, Firm а) have a reputation score of 1 and 
the small boxes have a reputation score of 0, the average 
network reputation is highest for Firms B, C, and H and 
lowest for Firm E 


Network __Firms in Networks _____ 
Characteristics А B С D E Е а H 


Network 
centrality 4 2 2 4 1 2 2 1 
Network 


efficiencya 09 25 25 16 00 00 00 00 
Network 

density 17100100 33 00100 00 00 
Network 

reputation 50100100 50 00 50 50100 


aThe focal firm's industry is ignored in this analysis 


Network Efficiency 


Network efficiency refers to the degree to which the firm's 
network of alliances 1nvolves firms that possess nonredun- 
dant knowledge, skills, and capabilities (Baum, Calabrese, 
and Silverman 2000, Burt 2004, Granovetter 1973) How 
does network efficiency influence firm abnormal returns 
from a new alliance announcement? 


On the positive side, highly efficient networks increase 
firm exposure to novel information from allying with firms 
from different industries (Baum, Calabrese, and Silverman 
2000, Beckman and Haunschild 2002, Powell, Koput, and 
Smith-Doerr 1996, Schilling and Phelps 2007, Uzzi 1996, 
1997) In turn, this increases the likelihood that the firm 
will find additional opportunities to transfer what 1t has 
learned 1n the new alliance to other network members and 
to bring novel new resources to bear on 1ts management of 
the new alliance Both increase the benefits the firm derives 
from the newly announced alliance Aiding these transfers 
18 the lack of competition for the same customers between 
firms 1n efficient networks, which increases motivation to 
cooperate (Rindfleisch and Moorman 2001) On the nega- 
tive side, these differences also reduce the ability to cooper- 
ate because knowledge 1s unique and goals are not shared 
among network members (Galaskiewicz 1985, Goerzen and 
Beamish 2005, Rindfleisch and Moorman 2001) Therefore, 
although highly efficient networks enhance firm access to 
novel information, this 1nformation may be too different 
from the firm's strategies and goals to be useful in the new 
alliance 

Thus, a moderate amount of network efficiency may 
have the most positive effect on firm abnormal returns from 
the new alliance Consistent with this, research has demon- 
strated that moderate levels of network efficiency result 1n 
the highest levels of firm innovation (Baum, Calabrese, and 
Silverman 2000, Wuyts, Stremersch, and Dutta 2004) 
Firms with moderate levels of network efficiency also bal- 
ance the costs of dependence with the benefits of a lean and 
focused set of partners A highly efficient network means 
that the firm has alliances with a small number of partners 
from any one industry, which increases the nsk of being 
locked 1n with an unsuccessful alliance partner if the rela- 
tionship fails Given this risk, 1t 1s not surprising that firms 
such as Microsoft use a strategy of establishing multiple 
partnerships to serve the same function, which reduces net- 
work efficiency (Gulati, Nohria, and Zaheer 2000) How- 
ever, low levels of network efficiency can also have signifi- 
cant disadvantages by fostering learning races or unhealthy 
competition between redundant partners 

For all these reasons, a moderate level of network effi- 
ciency 18 likely to produce the highest levels of value from 
the new alliance At moderate levels, the firm gains the 
benefits of network redundancy without creating corre- 
sponding inefficiencies and msks Thus, we predict the 
following 


Н; There ıs an inverted U-shaped relationship between firm 
network efficiency and firm abnormal returns due to a 
marketing alliance announcement 


Network Density 


Network density refers to the degree of interconnectedness 
among various actors in a network (Coleman 1988, 1990) 
High network density brings two key advantages to the new 
marketing alliance First, because all partners are con- 
nected, high-quality information can be easily disseminated 
in dense networks (Lee 2007, Uzzi 1997) Network-to- 
alliance transfers and alliance-to-network transfers function 


effectively, which increases the value of the new alliance 
Second, network density reduces the likelihood that the new 
partner will behave opportunistically (Antia and Frazier 
2001, Coleman 1988) The collective monitoring and sanc- 
tioning associated with a dense network acts as a check on 
new partner behavior (Kreps 1990, Rowley, Behrens, and 
Krackhardt 2000, Walker, Kogut, and Shan 1997) As a 
result, the firm needs to invest less in monitoring the new 
alliance to achieve coordination (Rindfleisch and Heide 
1997) 4 

Despite these benefits, dense networks bring two dis- 
tinct disadvantages that may reduce the value of the newly 
announced alliance Given that more information 1s shared 
ın dense networks, the firm may have less flexibility to 
adopt a distinct strategy that 1s optimal for the new alliance 
Relatedly, the high level of information sharing also makes 
it difficult for firms to adopt a strategy of selectively sharing 
sensitive information with different partners to maximize 
the value of the alliance For example, a firm may want to 
share secrets with the new partner to induce reciprocal shar- 
ing but not with other partners that have less to share 

Given these contrasting viewpoints, moderate network 
density 1s likely to be optimal In summary, high density 
levels improve information transfers between the network 
and the new alliance and reduce new partner opportunism 
However, high levels also reduce firm flexibility in manag- 
ing the new alliance Conversely, low levels reduce 1nfor- 
mation transfers and increase new partner opportunism but 
increase firm flexibility to act unilaterally with the new 
partner Given these trade-offs, we hypothesize a nonlinear 
effect in which moderate density provides the optimal bene- 
fit to a firm announcing a new alliance 


Н; There ıs an mverted U-shaped relationship between firm 
network density and firm abnormal returns due to a mar- 
keting alhance announcement 


Network Heputation 


Reputation 1s an intangible quality ascribed by other actors 
ш a social system that 1s determined by the actor’s past 
actions (Coleman 1988, Podolny 1993, Raub and Weesie 
1990) Thus, firm network reputation 1s the aggregate-level 
quality ascribed to organizations 1n a firm’s network Repu- 
tation can spill over to boost the perceived quality of associ- 
ated actors (Megginson and Weiss 1991) Reputation can 
also limit false claims as actors attempt to maintain the 
integrity of the quality signal (Rao, Qu, and Ruekert 1999) 

Given these theoretical rationales, positive spillovers 
and signals from a firm’s high-reputation network can 
improve value creation from a new marketing alliance for 
several reasons First, the firm’s high-reputation network 
may spill over to the new alliance Second, the firm’s high- 
reputation network may also signal that the firm has knowl- 


4Although the opportunism-curbing effects of network density 
are greater when the new partner 1s deeply embedded in the firm's 
network, our predicted effect does not depend on this, because the 
new partner should be motivated to maintain its reputation ш the 
industry for future alliances as well Negative information in the 
firm’s dense network could hurt these future alliance prospects 
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edge and skills for managing alliances, which will increase 
investors’ belief that the firm will be successful in the new 
alliance (Anderson, Hakansson, and Johanson 1994) Third, 
a high-reputation network puts pressure on the firm to per- 
form well in the new alliance to maintain the quality signal 
We hypothesize the following 


Hs There 15 a positive relationship between network reputa- 
tion and firm abnormal returns due to a marketing alliance 
announcement 


Marketing Alliance Capability 


Marketing alliance capability refers to the ability of firms to 
generate higher returns from marketing alliances over time 
Although it 1s not a network characteristic 1n the literature 
(Van den Bulte and Wuyts 2007), marketing alliance capa- 
bility 1s a network-level view of the firm’s ability to extract 
greater levels of value from alliances over time Scholars 
have examined firm capabilities associated with alliance 
partner selection and alliance management as a key factor 1n 
alliance success (Gulati 1998, Kale, Dyer, and Singh 2002, 
Khanna, Gulati, and Nohria 1998) Thus, we focus on how 
marketing alliance capability influences value creation from 
a new alliance 

Marketing alliance capability influences value creation 
Кот a marketing alliance announcement ın two ways First, 
the capability 1s a signal of firm quality Thus, the stock 
market should infer that a firm with a strong marketing 
alliance capability from its network of past alliances will 
extract value from the current alliance as well Second, the 
capability reflects a firm’s success ш managing alliances 
among its network of partnerships Thus, investors may 
infer that the firm will have more opportunity to multiply 
the benefits from the new marketing alliance across a 
broader network of previous alliance partners In turn, this 
can enhance the ratio of private (relative to common) bene- 
fits a firm generates in a given marketing alliance (Gulati, 
Nohria, and Zaheer 2000) When accrued over time, these 
private benefits can help a firm lock out competition (Frels, 
Shervani, and Srivastava 2003) Therefore, we posit the 
following 


Hg There 1s a positive relationship between firm marketing 
alliance capability and firm abnormal returns due to a 
marketing alliance announcement 


Method 


Data Sources 


We drew data on strategic alliances from the SDC Joint 
Ventures & Strategic Alliances database SDC provides 
descriptions of alliances and participants It obtains infor- 
mation on alliances from public sources, including Securi- 
ties and Exchange Comnussion filings, trade publications, 
and news/wire service reports Stock returns were gathered 
from Center for Research in Security Prices (CRSP), and 
other firm information was gathered from COMPUSTAT 


Firm and Alliance Sample 


The sample consisted of firms m the computer software 
industry (1e , Standard Industrial Classification [SIC] codes 
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7372 and 7373) that announced alliances from 1988 to 
2005 We drew the sample of firms from this industry for 
two reasons First, the high-tech sector has been viewed his- 
torically as receiving less value from marketing (Workman 
1993) Second, we wanted to examine our hypotheses 
within a single industry to lumit extraneous sources of varı- 
ance (Bass, Cattin, and Wittink 1978) 

Following recent research (Lavie 2007), we took three 
steps to generate the firm sample First, we identified all the 
public firms in SIC codes 7372 and 7373 that announced an 
alliance from 1988 to 2005 Second, to facilitate the calcu- 
lation of network characteristics, we focused only on firms 
that had been ın existence for five years preceding the 
alliance announcement.) Using this criterion, the sample 
consisted of 273 firms Thurd, to ensure that we could calcu- 
late abnormal returns, we cross-checked the firms ın the 
CRSP database and found data available for 250 firms 

We took tbe following steps to generate our sample of 
alliances from these firms First, we located 7566 alliances 
announced by these 250 firms Second, we classified each 
alliance as marketing or nonmarketing by electronically 
coding the alliance description using a dictionary of market- 
ing terms Of all alliances, 80% could be classified using 
this approach Two independent judges manually classified 
the remaining 20% Interjudge reliability was 90%, and dif- 
ferences were resolved through discussion Using this pro- 
cedure, we identified 1135 marketing alliances Third, to 
observe stock market outcomes, we constrained the sample 
to alliances for which complete data were available from 
the COMPUSTAT and CRSP databases Furthermore, to 
calculate marketing resources, we needed data for the ten 
years preceding the alliance announcement This resulted in 
a sample of 495 alliance announcements 

Fourth, we carefully inspected each announcement and 
eliminated those that involved alliance terminations or con- 
tinuations of previously announced alliances This left a 
sample of 378 marketing alliances. We then eliminated (1) 
alliances with no clearly identifiable announcement date, 
alliances with press announcements before the SDC 
announcement date, and alliance announcements that could 
not be cross-verified 1n another database (n = 15 alliances 
lost) and (2) alliances that involved more than two partners 
(to ensure that we could account for partner characteristics 
ш a uniform manner) (п = 63 alliances lost) This resulted 
in 300 marketing alliances Finally, we focused only on 
marketing alliances that involved a publicly traded partner 
because we wanted to control for partner characteristics that 
are only available for publicly traded firms The resultant 
sample consisted of 230 marketing alliances involving 103 
firms We acknowledge that the imposed restrictions could 
result in selection biases However, pragmatic considera- 


*For example, for a marketing alliance announced ın 1998, we 
constructed the network variables using alliances announced from 
1992 to 1997 Although there 1s variation in terms of the period 
used to define a network, some research uses either five or seven 
years for network measures (Gulati and Gargiulo 1999, Schilling 
and Phelps 2007) A sensitivity analyses indicates that our results 
do not change 1f we use alternative numbers of years 


tions dictated the constraints that were imposed at various 
stages 

In terms of descriptive information about the sample of 
firms and partners, we observe the following assets (mil- 
lions of dollars) firm (M = $21,762, SD = $32,186) versus 
partner (M = $28,743, SD = $63,671), sales (millions of 
dollars) firm (M = $16,900, SD = $26,515) versus partner 
(M = $19,392, SD = $26,397), market capitalization (mil- 
lions of dollars) firm (M = $58,932, SD = $110,091) versus 
partner (M = $40,679, SD = $70,729), total employees firm 
(M = 61,042, SD = 100,400) versus partner (M = 59,769, 
SD = 87,566) These differences are not significant, except 
that firm market сар 15 greater than partner market сар 
Given the market cap and asset profile of firms and part- 
ners, our sample can be characterized as midsized firms 


Dependent Variable: Firm Abnormal Stock 
Returns 


Table 1 provides the descriptive statistics and correlations 
for our variables Our dependent variable 1s the firm’s 
abnormal stock returns Using a standard event study 
method, we calculated firm abnormal returns using two 
approaches—the conventional market model and the Fama— 
French model as modified by Carhart (1997) 


Market model To estimate the market model, we used 
daily data on the stock market returns of each firm from the 
CRSP database during a 240-day period ending ten days 
before the event day г, = 0, + Врли + £y, Where г, denotes 
the daily returns for firm 1 on day t, rq, 15 the daily returns 
on the equally weighted index (constituting all stocks listed 
in CRSP), o, and f), are firm-specific parameters, and £y 15 
distributed 11d normal (Brown and Warner 1985) We then 
used the estimates obtained from this model to predict the 
daily returns for each firm for the event day, f, = б it Ва» 
where £, 1s the predicted daily return and 8. and В, are the 
model estimates Thus, we calculated daily firm-specific 
abnormal returns (AR,,) for firm 1 at time t as AR, = rq — f 
The cumulative abnormal returns for the event period rang- 
ing from t, to tz 15 САВ (5, 5] = xD. АК, The cumula- 
tive average abnormal return over various event windows 
beginning with t; and ending in tj 1s CAAR, ,, = LEN 
CAR[t;, to]/N 

The chosen event window should be long enough to 
account for dissemination of information regarding the 
alliance announcement over time To avoid leakage con- 
cerns and to ensure that our event dates are accurate, we fol- 
lowed a two-step procedure First, we performed a manual 
verification of press announcement as discussed previously 
Second, following other research (Agrawal and Kamakura 
1995, Geyskens, Gielens, and Dekimpe 2002), we calcu- 
lated the cumulative average abnormal returns for various 
windows (+10 days to —10 days) and tested the significance 
of various event windows using the t-statistic described by 
Brown and Warner (1985) Consistent with Geyskens, Gie- 
lens, and Dekimpe (2002), we selected the event window 
with the most significant t-statistic, day —2 to day +1 


Fama-French model The Fama-French model has 
gained prominence because of its ability to explain stock 


market movements (Fama and French 1993, 1996) As 
modified by Carhart (1997), the four-factor model builds on 
the previously described market model and includes three 
additional factors to explain the excess returns гү as 
follows 


га = 0, + г + SSSMB, + h,HML, + u UMD, + е, , 


where, 1n addition to the return on the overall market index 
(CRSP value-weighted NYSE/AMEX/NASDAQ index), 
SMB, 1s the return differential between portfolios of small 
and large market capitalization stocks, HML, 15 the differ- 
ential between portfolios of high- (value) and low- (growth) 
book-to-market ratio stocks, and UMD, 1s the differential 
between portfolios of high- and low-pnor-return stocks As 
in the market model, we used the estimates obtained from 
this model to predict the daily returns for each firm for the 
event day Using the actual (т) and estimated (fj) daily 
returns, we calculated firm-specific daily abnormal returns 
as AR, = Ху — Бр where AR, are the daily firm-specific 
abnormal returns Firm-specific cumulative abnormal 
returns, CAR,,, pertain to the firm's abnormal returns aggre- 
gated across the event window 


Role of networks Our tests are premised on the idea that 
information about a firm’s network of relationships plays a 
role in investor reactions to a firm's announcement of a new 
alliance What evidence do we have for this view? First, 
many analysts are assigned to investigate particular firms 
and thus accumulate a great deal of information about the 
firms’ partnerships over ште This information 15 available 
1n press releases and in each firm's own public documents, 
such as 10-K reports 6 Thus, it 1s reasonable to conclude 


6To gauge the information available to analysts, we took the fol- 
lowing steps First, for a sample of the top ten software firms on 
The Software 500 (IBM, Microsoft, EDS, Hewlett-Packard, 
Accenture, Computer Sciences Corporation, Oracle, SAP, 
Capgemini, and Hitachi), we searched their 2007 annual reports 
for the words “alliance,” “partnership,” and “network” We elimi- 
nated references to the term “network” when it referred to non- 
partnership-based networks, such as Microsoft's Real Network 
The average frequency of these terms was as follows alliance 
(M = 67, SD = 6 6), partnership (M = 4 3, SD = 3 3), and network 
(М = 71, SD = 11 1) In many cases, the annual reports for the 
software companies make bold statements about the firm's net- 
works, alliances, and partnerships For example, SAP's annual 
report refers to "The SAP Ecosystem A Worldwide Network of 
Innovation” that 1s built from “a diverse network of partners, 
developers, business experts, and users" Likewise, IBM reports 
“Alliance Investments" and “Strategic Alliances" listed as “Intan- 
gible Assets" Second, we performed a search 1n Proquest News- 
papers for the top ten firms in The Software 500 for the articles 
with the name of the company ın the title or abstract and the word 
“partnership” or "alliance" in the text for the last 12 months We 
did not include reference to the term "network" because this 
would have produced hundreds of articles referring to computer 
networks, not business networks We also eliminated the count for 
Microsoft, which during this year was in negotiations with Yahoo, 
thus producing a large number of articles on this partnership (е, 
approximately 75% of the 356 qualifying newspaper articles about 
Microsoft involve the Yahoo merger) With these rules, we 
observed that ш the last year alone, the articles referencing part- 
nerships or alliances per firm were reasonably high (M = 13 2, 
SD = 9 6) 
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that investors do not need network-level information about 
the firm to form impressions about the firm's network 
Instead, over time, the analyst will be exposed to informa- 
tion about tbe firm's alliances and then form an aggregate- 
level impression about the network characteristics 

Second, conversations with the head of sales for SDC 
1ndicated that investment firms and banks are a large num- 
ber of its clients Thus, gathering alliance information 1s 
easy and can be done at a low cost Third, industry (eg, 
Standard & Poor's, see http //www softwaremag com/) and 
government (eg, Department of Justice, Securities and 
Exchange Commission) sources regularly collect 1nforma- 
tion about industry licensing, alliances, mergers, and асаш- 
sitions for both competitive and legal reasons. Finally, there 
is evidence that investors examine the firm's network of 
partners during important firm events, such an initial public 
offerings (Cook, Kieschnick, and Van Ness 2006) 


Measures of Key Independent Variables 


Firm network centrality We operationalized network 
centrality as degree centrality We measured firm degree 
centrality by the number of partners directly connected to a 
firm (Freeman 1979, Scott 1991) Consistent with this, we 
measured firm degree centrality as the number of direct 
firm partners in the five years preceding the alliance 
announcement year We used all alliances 1n the firm's net- 
work to create this and the other network measures 


Firm network efficiency Consistent with previous 
research (Baum, Calabrese, and Silverman 2000), we mea- 
sured network efficiency by the number of firm partners 1n 
nonoverlapping SIC codes 1n the five years preceding the 
year of alliance announcement The measure 1s a variation 
of the Hirschman-Herfindahl index Specifically, a firm's 
network efficiency 1s as follows 


Network Efficiency, = [1 — > (РгорАп ТА, 


where PropAll, 1s the proportion of all firm 1’s alliances that 
are in SIC code j and TA, 1s the total number of alliances 
For example, a firm with a total of six alliances, two of 
which appear 1n each of three different SIC codes, will have 
a network efficiency score of [1 — (2/6 + (2/6? + (2/6)2]/ 
б = 111, whereas a firm with a total of six alliances, five of 
which are in one SIC code and one of which 1s in another 
SIC code, will have a network efficiency calculation of [1 – 
(5/6? + (1/6)2]/6 = 046 


Firm network density Our measure focuses on local 
network density rather than on global density because ties 
between firms 1n distant regions of the network are less 
likely to affect the firm learning and performance To cap- 
ture the firm's local network density, we analyzed the 
matrix of ties among the firm's direct partners Our measure 
of local density 1s the total number of unique relationships 
between a firm's partners divided by the total number of 
possible ties among its partners 1f each partner were tied to 
every other partner (Rowley, Behrens, and Krackhardt 
2000) 


Firm network reputation We measured network reputa- 
tion using an approach consistent with Houston and John- 


son (2000) and Kalaignanam, Shankar, and Varadarajan 
(2007) Specifically, we assessed the reputation of each 
partner firm 1n the firm's network using Fortune's reputa- 
tion survey If a partner was listed among the top Fortune 
100 firms, we gave 1t a value of 1, 1f not, we gave 1t a value 
of 0 We then averaged the reputation scores across all part- 
ners within a firm's prior network of alliances Thus, the 
final measure ranged from 0 to 17 

Firm marketing alliance capability Our measure uses 
the trend 1n the firm's ability to generate abnormal returns 
from alliances over time To calculate, we first determined 
the average abnormal returns accruing to all firm marketing 
alliances 1n a year and the previous year, as well as the dif- 
ference 1n average abnormal return (AAAR) We calculated 
AAAR for the ten-year period preceding the alliance 
announcement We then used an exponential smoothing 
model and calculated the trend or smoothed average for thus 
series, such that recent AAARs are weighted more than pre- 
vious AAARs This smoothed average 18 our measure of 
alliance capabihty for a given firm/year 


Control Variables 


The value created by a marketing alliance should be influ- 
enced by firm marketing resources Likewise, firms may 
rely on external partners to overcome a deficiency of mar- 
keting resources (Swaminathan, Murshed, and Hulland 
2008) If so, partner marketing resources should affect the 
firm's abnormal returns from the announced alliance To 
measure the firm or partner marketing resources, we fol- 
lowed Dutta, Narasimhan, and Rajiv (1999) and used four 
indicators (1) the installed base of customers (1e, firm 
sales), (2) firm resources devoted to building customer rela- 
tionships (1 e , firm receivables), (3) marketing expenditures 
Ge, firm selling, general, and administrative expenses), 
and (4) firm advertising expenditures Dutta, Narasimhan, 
and Калу also include a firm's base of technical know-how 
because it represents the stock of technical know-how that 
might be converted to products or processes and sold to cus- 
tomers We use research-and-development expenditures as 
an indicator of a firm’s base of technical know-how because 
1t 1s more relevant 1n the software industry 

Following Dutta, Narasimhan, and Rajiv (1999), we 
obtained these five measures for the firm or partner for the 
ten years preceding the alliance announcement Data were 
weighted using a Koyck lag function For example, 
ADSTOCK = xk =18'~ * [x ADEXPENSE,, where t = 1, 
2, , 10 years We empirically determined a smoothing 
constant, used to minimize prediction errors, by testing dif- 
ferent weights Because the resources are highly correlated, 
introducing these measures into the model independently 


7Although we could have used the reputation score Fortune 
gives to each firm on the list, given the small number of firms 
included on the list relative to the large number of partners in our 
firm’s networks, 0/1 appears to be a more valid indicator Specifi- 
cally, for the period used in our research, Fortune selected firms 
with the highest reputation scores within their industries to 
include Given this, we concluded that the mere presence of a firm 
on the list signals its excellent reputation within its industry, and 
we used a dummy variable to capture whether a firm was on the 
list 
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may create multicollinearity For this reason, we combined 
these resources through a principal components analysis to 
form an index of firm marketing resources 

Alliance experience contributes to value creation from 
alliances (Anand and Khanna 2000, Kalagnanam, Shankar, 
and Varadarajan 2007) We measured firm alliance ехреп- 
ence by calculating the total number of alliances announced 
by a firm (both marketing and nonmarketing alliances) in 
the ten years preceding the announcement 

To correct for the size of alliance partners, we measured 
the relative size of alliance partners as the ratio of market 
capitalization of the firm to the partner (Moeller, Schlinge- 
mann, and Stulz 2004) We measured market capitalization 
by multiplying the number of shares and the share prices at 
the end of the year Subsequently, we demonstrate that our 
results are robust to other measures 

Following previous research on alliances (eg, Rind- 
fleisch and Moorman 2001), we classified intraindustry 
alliances as horizontal (20%) and interindustry alliances as 
vertical (80%) The dummy variable had a value of 1 for 
honzontal alliances and 0 for vertical alliances Some mar- 
keting alliances also have a product development objective, 
which we coded unambiguously using the SDC announce- 
ment The dummy variable was 1 1f the alliance had both 
product development and marketing objectives (26%) and 0 
if the alliance had only marketing objectives 

Repeat partnering between firms increases trust 
(Goerzen 2007, Wuyts, Stremersch, and Dutta 2004) We 
collected repeat partnering information from the SDC data- 
base and controlled for 1t with a dummy variable. Approxi- 
mately 5% of alliances were repeat partnerships between 
the firm and the partner 

The value of a new alliance can vary depending on how 
the new partner’s characteristics change the firm’s network 
characteristics For example, if the new alliance involves a 
partner ш an industry ш which the firm already has an 
alliance, this will reduce firm network efficiency, or 1f the 
partner has a high reputation, this will raise the reputation 
of the firm’s network Note that these are not measures of 
the partner’s network, which we consider next Instead, they 
are measures of how the partner’s characteristics change the 
firm’s network 8 

Partner network characteristics can also influence firm 
value from a marketing alliance (Lavie 2007) We calcu- 
lated partner network centrality, density, efficiency, reputa- 
tion, and marketing alliance capability using procedures 
identical for the firm 


Partner Selection Model Development and 
Estimation 


Networks can act as a referral resource that helps firms 
identify good alliance partners Thus, to correctly estimate 
the impact of networks on the value created from the new 


8We did not include change 1n network centrality because net- 
work centrality refers to the number of unique partners a firm 1s 
connected to 1n its network Thus, 1f network centrality increases 
as a function of the alliance, this means that the new alliance 15 
with a new partner Therefore, the change 1n network centrality 15 
the same as the repeat partnering control variable 
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alliance, 1{ 1s necessary to control for the potential bias 
inherent in the selection process The selection model 
accounts for heterogeneity due to firm and time effects 
through a random-effects model. Our final model uses a 
random-effects simultaneous model estimation procedure 
involving the selection model and the value creation model 
(Verbeek and Nyman 1992) Appendix A summarizes our 
selection model procedures and results 


Value Creation Model Development and 
Estimation 


We model the impact of predictor variables on abnormal 
stock returns accruing to firm 1 as a consequence of an 
alliance k involving a firm 1 and partner p announced at 
time t as follows 


Abnormal Stock Returns, 
= Во + By(Relative Size of Firm and Partner), 
+ B.(Horizontal Alliance), + B3(Repeat Partnering), 
+ B4(Marketing Alliance with Product Development 
Component), + Bs(Firm Network Centrality), 
+ Be(Firm Network Efficiency), 
+ B,(Firm Network Efficiency?) 
+ Bg(Firm Network Density), 
+ Bo(Firm Network Density2),, 
+ Bio(Firm Network Reputation), 
+ Ву (Firm Marketing Alliance Capability), 
+ Bio(Firm Marketing Resources), 
+ B,3(Firm Alhance Experience), 
+ Bi4(AFirm Network Efficiency), 
+ Bis(AFirm Network Density), 
+ B,¢(AFirm Network Reputation), 
+ Bi; (Partner Network Септашују 
+ Bi g(Partner Network Efficiency)p 
+ Bio(Partner Network Efficiency?),, 
+ Boo(Partner Network Density), 
+ Bo; (Partner Network Density2),, 
+ В2(Рагпег Network Reputation), 
+ Bo3(Partner Marketing Alliance Capability)» 
+ Bo4(Partner Marketing Resources)» 
+ Bos(Selectivity Parameter), + Vy 


Alliance characteristics pertain to a given alliance k, 
whereas firm, network, and change 1n network characteris- 
tics pertain to a given firm 1 at time ї Partner characteristics 
are specific to partner p at time t The error term v, consists 
of three components and can be represented as у(1, t) = 
х(, t) + уб) + z(t), where y(1) represents the firm effect, z(t) 
represents the time effect, and x(1, t) represents the remain- 


ing error, respectively We mean-centered the measures 
used ın this model before forming quadratic terms to ease 
interpretation. 

Finally, given that the sample consists of multiple 
alliance announcements by firms across multiple years, we 
require а method that minumizes potential bias due to firm- 
specific and time-varying effects. According to the results 
of the Hausman test, a random-effects specification 15 more 
appropriate than a fixed-effects model (2(25) = 21 31, not 
significant [n.s ]) Furthermore, testing for heteroskedastic- 
ity and autocorrelation 1ndicated no problems (Drukker 
2003, Wooldridge 2002) 


Results 


Do Marketing Alliance Announcements Increase 
Firm Abnormal Returns? 


Consistent with standard practice, we first test whether the 
cumulative abnormal returns over various event windows 
are different from zero The results from both a t-test 
(Brown and Warner 1985) and a two-tailed generalized sign 
Z-test statistic suggest that cumulative abnormal returns 1n 
the event window period are positive and significantly dif- 
ferent from zero (see Table 2) If we focus on the —2-day to 
+1-day event window, the results indicate that a marketing 
alliance announcement increases stock returns 1 4% for the 
software firm (t = 298, p < 01) These results support Н; 
Table 2 demonstrates that this finding 1s also robust across 
event windows Figure 2 depicts the daily returns for the 
—10- to +10-day event window (eg, Tells and Johnson 
2007) 


Does a Firm's Network Affect the Abnormal 
Returns from a Marketing Alliance 
Announcement? 


Recall that these value creation models are estimated simul- 
taneously with the selection model (for results, see Appen- 
dix A) The selectivity parameter 1n Table 3 accounts for the 
selection bias and 1s produced as a consequence of the 
simultaneous estimation of the selection and value creation 
models 


FIGURE 2 
Average Abnormal Returns Before and After a 
Marketing Alliance Announcement 
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Notes This figure presents the daily firm abnormal returns before 
and after the allance announcement Day 0 corresponds to 
the event day (1e, day on which marketing alliance was 
announced) 


Recall that the error term v, 1n the value creation equa- 
tion for abnormal stock returns consists of three compo- 
nents—the firm effect, the time effect, and the remaining 
error Both firm and tme effects are significant, and the 
variance components for the firm, tume, and remaining 
errors are 0002 (02), 0001 (02), and 001 (6%), respec- 
tively, the proportion of the total variance contributed by 
the panel-level (firm and time effects) variance component 
in the model 1s 45% 

We estimate two models to test H.-H, (see Table 3) 
Model 1 uses the Fama—French four-factor benchmark 
Model 2 1s based on the market model and uses an equally 
weighted benchmark portfolio consisting of CRSP stocks 
Both models use the same event window as mentioned pre- 
viously (day — to day +1) The results associated with our 


TABLE 2 
Cumulative Abnormal Returns Across Various Event Windows 





Fama-French Four-Factor Model Market Model (Equally Weighted) 





Event Generalized Generalized 
Window M SD t-Value Sign Z M SD t-Value Sign Z 
–3 to +3 days 012 083 156 218" 011 080 164" 2 05* 
—2 to 42 days 016 068 241** 310“ 015 069 2 53" 4 02*** 
—1 to +1 days 011 049 2 38** 3 89*** 011 051 2 33" 4 55*** 
—1 to 0 days 008 042 2 02* 3 23" 008 044 2 06** 3 50*** 
0 to +1 days 012 061 2 69** 3 76** 013 043 2 63" 4 42*** 
—1 to +2 days 012 072 1 64* 3 23" 012 064 191" 4 56*** 
–2 to +1 days 014 057 2 98** 297“ 014 058 2 96** 4 42*** 
*p< 05 
“p< 01 
***5 < 001 


Notes We computed the significance of the generalized sign Z statistic using a two-tailed test, t-tests were based on Brown and Warner (1985) 
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TABLE 3 
Value Creation Model Results 





Model 1: Fama-French Four-Factor 
Model (Event Day -2 to +1) 


Model 2: Market Model Equally 
Weighted (Event Day —2 to +1) 


Intercept 0243  (Ot31)t 01703 (01095) 

Alliance Characteristics 
Relative size of partners 00001 (00005) — 00002 (00004) 
Horizontal alliance 00968 (00974) 01998 (00813)** 
Repeat partnership – 00398 (01513) – 01022 (01263) 
Marketing alliance with product development 00094 (00849) – 00473 (0071) 

Firm Characteristics 
Network centrality 0003 (00049) 00052 (00041) 
Network efficiency 10344 (01876)*** 06456 (01566)*** 
Network efficiency2 ~ 18213 (04018)*** – 12049 (03353)*** 
Network density 02843 (01019)*** 03532 (0102)*** 
Network density2 – 05723 (01251)** – 0232 (01167) 
Network reputation — 00194 (00535) 00708 (00447) 
Marketing alliance capability 22486 (0749)*** 21866 (06244)*** 
Alliance experience — 00002 (00006) ~ 00001 (00005) 
Marketing resources 00066 (00799) 00095 (00669) 
Change in network efficiency — 99874 (1 1797) — 3154 ( 98841) 
Change in network density — 00893 (01609) 00789 (01344) 
Change in network reputation —0002 (00038) 00014 (00031) 

Partner Characteristics 
Network centrality — 00027 (00063) —00017 (00052) 
Network efficiency ~ 00917 (01725) —0083 (0144) 
Network efficiency? 00354 (01127) 00132 (00941) 
Network density 03627 (05249) 01006 (04384) 
Network density2 – 02329 (06452) – 00466 (05389) 
Network reputation — 00283 (00763) 01517 (0069)** 
Marketing alliance capability —4805 (17808)*** — 46278 ( 14866)*** 
Marketing resources 00726 (00827) – 00069 (00186) 

Selectivity Parameter 
Lambda —00283 (00763) ~0056 (00638) 

R-square 39% 30% 

Log-likelihood y2(d f = 25) 166 76*** 131 85*** 

tp« 10 

*p« 05 

**p« 01 

«р < 001 


hypotheses are robust across these models Given this, we 
discuss only the Fama—French four-factor results 

The overall model 1s significant (log-likelihood ratio 
x2 = 16676, р < 001), and the R-square ıs reasonable 
(39%) Considering the hypothesized firm network charac- 
teristics, the effect of network centrality on abnormal 
returns from the marketing alliance is not significant (B = 
00030, n s ) Thus, Н, 18 not supported The results indicate 
а positive and significant main effect (В = 10344, p < 001) 
and a negative and significant quadratic effect (B = — 18213, 
p « 001) for network efficiency on firm abnormal returns 
These results support H4 The results likewise indicate a 
positive and significant main effect (B = 02843, p « 01) 
and a negative and significant quadratic effect (В = — 05723, 
p « 01) for network density on firm returns These results 
support H4 The results show that network reputation has no 
effect (B = — 00194, n s ), failing to support H; Finally, the 
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results show that a firm's marketing alliance capability has 
a positive and significant effect on abnormal returns (B = 
22486, p « 001) This result supports Hg 

To determine the inflection point associated with the 
nonlinear effects of network efficiency and network density, 
we calculate the first partial derivative of the regression 
equation with respect to the network efficiency and network 
density variables We identify the 1nflection point (when the 
curve slopes downward), which corresponds to the point at 
which the regression of abnormal returns on network effi- 
ciency and density 1s zero at the maximum predicted value 
of abnormal returns Accordingly, the inflection point for 
network efficiency 1s 25 At this point, returns from net- 
work efficiency begin to diminish Note that the inflection 
point 18 higher than the mean for this sample Still, given 
that network efficiency ranges from 0 to 1, the inflection 
point falls in the moderate range The inflection point for 


network density 1s 60 Up to this point, density increases 
the value created from the announced alliance After that 
point, increases 1n density produce diminishing returns 

Considering the other variables 1n the model, we find 
that neither changes 1п the firm’s network characteristics (as 
a consequence of the alliance announcement) nor a firm’s 
own marketing resources (B = 00066, ns) affect firm 
abnormal stock returns In terms of partner characteristics, 
partner network centrality, efficiency, density, and reputa- 
tion are not significant Similarly, partner marketing 
resources are not significant Notably, only partner market- 
ing alliance capability is negative and significant (B = 
— 48050, p « 001) Finally, none of the four alliance-level 
variables were significant (see Table 3) 

The results for the market model are similar to the 
Fama-French model with two exceptions The impact of 
horizontal alliance 1s significant (B = 01998, p « 01), and 
the 1mpact of partner network reputation 1s significant (B — 
01517, p < 01) Taken together, the results provide support 
for Ну, H4, Hy, and Hg but not for H5 and Hs We exten- 
sively tested the value creation model for robustness (for 
details, see Appendix B) 


Discussion 


Contributions to Strategic Alliance Research 
Our contributions to strategic alliance research are three- 
fold First, prior research on the impact of marketing 
alliances on firm value has found mixed results Kalaig- 
nanam, Shankar, and Varadarajan (2007) observe a positive 
effect, and Das, Sen, and Sengupta (1998) and Koh and 
Venkatraman (1991) observe a null effect Our findings 
1ndicate a positive effect for marketing alliance announce- 
ments on abnormal returns in the computer software 
1ndustry 

One reason for the observed differences 1s that the stud- 
128 uncovering a null effect use a wider range of industries 
We focus on software, whereas Kalagnanam, Shankar, and 
Varadarajan (2007) focus on information technology and 
telecommunications—both technology industries Given 
differences 1n the value of networks across industries, a 
positive effect may have been present 1n the prior studies 
but obscured by sample variability However, even in our 
pooled sample of both firms and their partners, which has a 
higher level of sample heterogeneity, we continue to 
Observe a significant, positive effect for marketing alliances 

Given this, another and more persuasive reason for the 
difference 1s that the two studies 1nvolving null effects both 
focus on earlier periods (1972-1986 1n Koh and Venkatra- 
man [1991] and 1987—1991 in Das, Sen, and Sengupta 
[1998]) In contrast, Kalaignanam, Shankar, and Varadara- 
јап (2007) focus on alliances announced ın the 1993-2004 
period, and we focus on alliances announced between 1988 
and 2005 We speculate that during the earlier period, 
investors viewed marketing alliances as a strategic tool for 
firms 1n mature industries Therefore, a marketing alliance 
announcement was viewed as a signal of a firm’s low 
growth prospects within existing markets Furthermore, 
new market entry is risky If viewed solely as vehicles for 
market access, marketing alliances would be historically 


undervalued and thus might be contributing to the null 
effects 1n prior research Since that time, a deeper apprecia- 
tion of the role of marketing 1n growth industries has devel- 
oped (е g , Mizik and Jacobson 2003) Theory has advanced 
to clarify the role of alliances 1n providing firms with access 
to knowledge, resources, and reputation 

A second contribution to alliance research 1s our 
demonstration that network characteristics influence value 
creation from the announcement of a new marketing 
alliance This finding extends prior alliance research, which 
has only indirectly captured the role of networks on firm 
value by focusing on the effect of firm alliance experience 
and capabilities Our research offers a portrait of the inde- 
pendent effects of firm alliance and network factors When 
including both firm alliance and network factors, we find 
that firm alliance experience (measured as the number of 
alliances announced by the firm) has no effect This extends 
prior research, which has observed a positive effect (eg, 
Kalaignanam, Shankar, and Varadarajan 2007) 

A third contribution 1s our finding involving the positive 
effect of a firm’s alliance capability The results indicate 
that the stock market rewards the firm announcing the new 
alliance for a track record of successfully managing net- 
works of alliances over time At the same time, the firm’s 
returns are weakened when it allies with a partner that has a 
similar successful track record These results indicate that 
the stock market uses this information as a signal of how 
much the firm will benefit relative to partners (Khanna, 
Gulati, and Nohria 1998) This signal may be particularly 
valuable ın network markets (Frels, Shervam, and Srivas- 
tava 2003), such as the software 1ndustry studied here In 
these markets, a strong network can be integral to the suc- 
cess of new products and allow a firm to erect barriers to 
entry Further research should examine this winner versus 
loser finding of alliance capability in other network 
1ndustries 

Our research did not examine all the structural, rela- 
tional, and legal factors that might 1nfluence how alliances 
operate Further research should examine whether these fac- 
tors moderate our findings We also did not examine how 
marketing alliance type, such as brand, sales force, or joint 
promotion, influences firm value Further research could 
also examine how structural and relational factors interact 
with various marketing alliance types to 1nfluence alliance 
outcomes (see Shah and Swaminathan 2008) 


Contributions to Networks Research 


Scholars have advocated a rapprochement of the resource- 
based view and the network view of organizations, suggest- 
ing that networks be viewed as an important firm resource 
(Gulati, Nohria, and Zaheer 2000, Madhavan, Koka, and 
Prescott 1998) Our findings support this Much of the tra- 
ditional literature on the resource-based view has suggested 
that value-creating resources must be owned and controlled 
by the firm (Barney 1991) This view has come under attack 
from theorists advocating that firms can generate value 
from market-based assets they do not own (Lavie 2007, 
Srivastava, Shervani, and Fahey 1998) Instead, firms can 
derive value from merely having access to resources Our 
findings strongly support this latter idea and add the firm's 
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network to the set of assets that can produce firm value 
Although various scholars have suggested the possibility 
that networks contribute to alliance performance (eg, 
Gulati 1998), empirical research 1s scarce Our research 
bridges thus gap and offers the following contributions 

First, given that network efficiency 1s viewed as a 
double-edged sword that can both strengthen and destroy 
value creation, our findings help clarify the level at which 
network efficiency can benefit the new alliance Further 
research should offer stronger evidence regarding the 
mechanisms for how network efficiency creates these dis- 
parate effects With better insight, further research could 
offer strategies for mitigating these problems, which might 
help firms proactively manage their networks 

Second, the literature on networks 1s rife with examples 
of how network density can both strengthen and weaken 
value creation We find that at low to moderate levels, 
increasing network density improves value creation from 
marketing alhances However, beyond moderate levels, 
increasing network density becomes detrimental to firm 
value We argue that network density makes it difficult for 
the firm to customize its management of a given alliance, 
including the ability to selectively share information or 
resources This behavior may be particularly 1mportant 1n 
the software business—a knowledge-based industry Fur- 
thermore, given the intangible nature of the product, the 
compliance benefits of density may be less important to 
software firms because relationships are based on trust If 
so, as firms embrace an ethic of open innovation, the bene- 
fits of dense networks should continue to decrease 

Third, prior research has found that network centrality 
and network reputation affect the probability of alliance for- 
mation (е g , Gulati 1999) Our selection model results sup- 
port these effects However, we do not observe any addi- 
tional effects on firm value creation beyond these partner 
selection effects One explanation for these results resides 
in our measures Further research could 1nvestigate the role 
of other types of network centrality (see Van den Bulte and 
Wuyts 2007) Given our focus on a firm's ego network, we 
use degree centrality Other measures of network centrality 
(eg, betweenness, closeness, eigenvector) are also worth 
examining For example, betweenness centrality, a measure 
of the degree to which the firm 15 “in the middle of things,” 
provides information about the firm's ability to manage 
resource flows This may influence the firm's ability to gen- 
erate more value from network partners Likewise, other 
measures of firm reputation could be used to provide a 
stronger test 

Beyond measurement challenges, there may be more 
fundamental reasons for these null effects Burt (1980) dis- 
tinguishes between relational and positional advantages 1n a 
network Centrality and reputation represent the positional 
network properties (1e, size and status indicators) For 
example, when a firm 1s central, 1t has more relationships, 
and when it 1s in a high-reputation network, 1t has more sta- 
tus These positional characteristics influence the value of 
the new alliance through greater partner selectivity, but not 
through partner management Conversely, relational charac- 
teristics affect both partner selection and management 
These findings are consistent with the works of Baum, 
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Calabrese, and Silverman (2000), who find that network 
efficiency 1s more ппропапі to biotech start-ups than the 
size of a firm’s network, Moran (2005), who observes that 
the nature, not the number, of ties 1s more important to per- 
formance, and Van den Bulte, Lievens, and Moenaert 
(2004), who conclude that density is more important than 
centrality in 1nterorganizational networks 

Finally, our research is not without limitations Furst, 
our focus 1s on firm abnormal returns in the event window 
surrounding the announcement, not in the long run 
Although the value of the announcement 1s not discermble 
1n the long run 1n our findings, this effect should be revealed 
ın subsequent alliance announcements because of the net- 
work effects that accumulate Second, consistent with 
recent developments in finance, further research could 
account for time-varying stock price volatility 1n estimating 
the abnormal returns at the time of alliance announcement 
(Brown and Warner 1985) Third, our event study approach 
1s based on the assumption of efficient capital markets 
Though not our focus, we expect that further research will 
continue to challenge and test the validity of this theory's 
assumptions 

A worthwhile extension of this research would be to 
consider the non-stock market impact of the moderating 
role of firm networks This approach would be valuable in 
teasing out network effects due to increased revenue, lower 
costs, or increased innovation Examining how interactions 
of marketing capability with network characteristics influ- 
ence stock market returns is another worthwhile avenue for 
further research 


Contributions to Marketing Practice 


Marketing alliances and outsourcing payoffs Our find- 
ings provide evidence that marketing alliances create this 
value, even 1n high-tech industries ın which the contribution 
of strategic marketing actions has been challenged (Dutta, 
Narasimhan, and Кару 1999) Thus, rather than being 
viewed as a sign of weakness (as previous researchers have 
indicated), marketing alliances should be viewed as a 
strength, as shown by the increase ın abnormal stock returns 
to both partners 1n the marketing alliance Furthermore, 
marketing alliances offer much more flexibility than Joint 
ventures/mergers and acquisitions while offering the same 
benefits of access to new markets and customers 

This result 18 particularly important 1n a recessionary 
era marked by budget cuts and softening demand, in which 
companies are under pressure to 1mprove productivity Mar- 
keting alliances can be an effective mechanism for achiev- 
ing productivity and growth Through alliances, managers 
can combine or pool resources with other companies to out- 
source aspects of their own firm that are peripheral to their 
core competencies This notion of "shrinking the core and 
expanding the periphery" (Gulati and Kletter 2005) high- 
lights the value of outsourcing as a means to reduce costs 
associated with noncore activities while helping firms redi- 
rect resources to areas that are consistent with their 
competencies 


Managing marketing alliance capability as a firm asset 
Rather than being a function of luck or serendipity, the 


results demonstrate that marketing alliance capability 1s a 
learned skill that firms can use to increase value from future 
marketing alliances How should firms invest to build such 
a capability? Approaches range from having dedicated 
resources within the firms to help identify good marketing 
partners to designing capabilities to initiate, implement, 
maintain/grow, and dissolve marketing alliances ın an effec- 
tive manner. 


Managing networks as firm assets Networks are not 
just the product of a series of past alliances, they are also an 
important predictor of future alliance success We offer 
managers three theoretical mechanisms by which specific 
firm network characteristic have this important future 
effect Although further research will need to determine the 
exact nature of these effects, we point to network-to- 
alliance transfers as a key mechanism marketers should 
examine Specifically, the network can provide an avenue 
for transferring gains realized from a given alliance across 
industries, markets, customer groups, and geographic loca- 
tions This effect 1s of particular importance 1n marketing 
alliances, 1n which the primary goal 1s often to gain access 
to new markets For example, 1f a firm wants to extract 
more value from a new product alliance, its ability to do so 
may depend on its access to other markets supplied by its 
network This ability has become even more important in 
the last decade as firms have become leaner and their ability 
to leverage their own presence 1n various industries ог mar- 
kets has been reduced 

Several additional observations are important Furst, 
some network characteristics affect partner selection, and 
others affect the expected value creation from the alliance 
Second, 1n attending to the value created beyond partner 
selection, managers should attend to the relational proper- 
ties (network efficiency and density), not to the centrality or 
status of networks With regard to managing the relational 
properties, marketers should remain aware that the levels of 
network density and efficiency affect firm value 

Finally, given that both the firm's network and its 
alliance capability are developed over time, the firm will 
need to adopt a long-term strategy for developing and man- 
aging both. This long-term status 1s similar to what mar- 
keters face with other key marketing resources, including 
customer relationships and brand equity Thus, as with the 
other marketing resources, networks will require marketers 
to be forward thinking and proactive in their management 


Conclusion 


Software firms that announce marketing alliances generate 
positive abnormal returns A firm’s network of preexisting 
alliances can increase or decrease those returns ın 1mpor- 
tant ways We suggest that this occurs because networks 
multiply alliance benefits, facilitate alliance compliance, 
and signal firm and alliance quality Thus, networks not 
only make a firm more or less attractive to partners but also 
alter the expected value of a newly announced marketing 
alliance in predictable ways Therefore, networks are key 
strategic resources that can yield substantial firm value As 


such, the firm’s network of alliance relationships can play 
a crucial role as a market-based asset 1п the firm’s strategic 
arsenal 


Appendix A 
Selection Model Procedure and 
Results 


The ideal selection test would involve creating a set of pos- 
sible partners considered by the firm and then determining 
whether firm characteristics influence partner choice 
Unfortunately, there 1s no way to reconstruct this set post 
hoc As a surrogate, we created a list of potential partners 
within +25% of the selected partner’s size in the same 
industry (based on the four-digit SIC code) and year We 
assumed that these firms (n = 2285) are a reasonable proxy 
for the set of potential partners available to the firm at the 
time 

Ideally, the selection model should include all variables 
in the value creation model Thus, we include all the 
alliance characteristics (1) relative size of partners, (2) 
horizontal alliance, (3) repeat partnership, and (4) market- 
ing alliance with product development Among the firm 
characteristics, we include the following (5) network cen- 
trality, (6) network density, (7) network density?, (8) net- 
work efficiency, (9) network efficiency?, (10) network repu- 
tation, (11) alliance experience, (12) marketing resources, 
and (13) marketing alliance capability 

The final part of the selection model—the partner net- 
work characteristics, partner alliance capability, and change 
in firm network charactenstics due to the partner— 
represents the greatest challenge for nonselected partners 
Specifically, this would involve collecting data on the 
sample of 2055 nonselected partners (2285 — 230 selected 
partners), which 1s nine times the size of our current 
sample Furthermore, given that, on average, our selected 
partners have 82 32 direct partners (as reflected 1n central- 
ity measures), constructing network measures for each of 
the nonselected partners would involve collecting 2055 x 
82 32 pieces of information for our network measures 
Given this, we instead employed a proxy strategy for these 
measures 

We began by reviewing the literature for potential proxy 
variables related to our network vanables We then evalu- 
ated our own data to ensure that the variables we selected 
were reasonable In the end, we adopted two proxies Furst, 
we selected partner Tobin’s q as a surrogate for partner net- 
work density This is supported by our existing data in 
which firm and selected partner Tobin’s q are correlated sig- 
nificantly with network density (р = 20, p < 05) Second, 
we selected partner size (measured as the number of 
employees) as a surrogate for network centrality, reputation, 
efficiency, and alliance capability In our data, firm size and 
selected partner size are correlated significantly with net- 
work centrality (р = 40, p < 01), network reputation (p = 
13, p < 05), network efficiency (p = 18, p < 05), and 
alliance capability (p = 15, p < 05) Grven this evidence, 
we collected the size and Tobin’s q of all the nonselected 
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partners available to the firm 1n the industry and year and 
used these data in the selection model as proxies for the 
nonselected partners’ network variables 9 Together with the 
13 alliance and firm variables previously listed, these two 
partner variables constitute our selection equation estimated 
using a Probit model The dependent variable 1s partner 
selection, which takes on a value of 1 if the partner was 
selected for a gtven alliance and 0 1f otherwise In the fol- 
lowing equation, we model partner selection according to 
whether firm 1 selected a given partner p for alliance k at 
time t 


Partner Selection, = 00 
+ o (Relative Size of Firm and Partner), 
+ Qo (Horizontal Alliance), + o (Repeat Partnering), 
+ O4(Marketing Alliance with Product Development 
Component), + os(Firm Network Centrality),, 
+ Gg(Firm Network Efficiency), 
+ o; (Firm Network Efficiency2), 
+ Og(Firm Network Density), + O&(Firm Network Density2),, 
+ 1o(Firm Network Reputation), 
+ ,;(Firm Marketing Alliance Capability), 
+ Q4? (Firm Marketing Resources), 
+ 043(Firm Alliance Experience), + 0,4(Partner Size); 
+ од (Раппег Tobin’s q)g + б 


where У = 1 when the partner was selected and У = 0 when 
the partner was not selected The error term ın the selection 
equation, G. consists of three components represented as 
Са, t) = ей, O + под) + w(t), where u(1) 1s the firm effect, 
w(t) 1s the time effect, and e(1, t) 1s the remaining error 
Both firm and time effects are significant, and the propor- 
tion of the total variance contributed by the panel-level 
(firm and time effects) variance component 1п the selection 
model 1s 47% 

The selection model accounts for heterogeneity due to 
firm and time effects with a random-effects model Our 
final model uses a random-effects simultaneous model esti- 
mation procedure involving the selection model and the 
value creation model (Verbeek and Nyman 1992) The 
selectivity parameter in Table 3 accounts for the selection 
bias and 1s produced as a consequence of the simultaneous 
estimation of the selection and value creation models Our 
selection model results appear in Table А1 


9We were not able to locate a good proxy for the “change ın 
network" variables However, given that the value creation model 
fails to find effects for these variables, and we find no correla- 
tion between them and the variables 1n the value creation model 
(see Table 1), it 1s reasonable to focus on the proposed selection 
model 
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Table A1 
Selection Model Results 


Partner Selection 


Model Component Coefficient 


Intercept —128685 (07175)*** 
Alliance Characteristics 
Relative size of partners 0005 (00019)*** 
Horizontal alliance — 38748 (09907)*** 
Repeat partnership 89163 (20368)*** 
Marketing alliance with 
product development 94902 (11459)'** 
Firm Characteristics 


Network centrality — 00909 (00049)*** 


Network density 63542 (13499)*** 
Network density2 —1 13857 (19949)*** 
Network efficiency — 00035 (22914) 


Network efficiency? 
Network reputation 
Marketing alliance 
capability -1 93745 | 83293)** 
Alliance experience 00171 00019)*** 
Marketing resources 18396 (1 86773)* 


– 78932 (46748) 
– 1954  (04674y** 


Partner Characteristics 
Partner size 00836 (00076)*** 
Partner Tobin’s q 0224 (01133)** 


*p< 10 

**p « 05 

***p « 001 

Notes Selection model results hold regardless of the particular 
dependent variable used in the value creation equation (е 9, 
Fama-French four-factor model or market model) 


Appendix B 
Robustness Checks 


Are Results Robust to the Assignment of Focal 
Versus Partner Firm? 


“Focal firm" describes the firm that 1s our focus, and “part- 
ner firm" describes the other Of 230 alliances, 46 horizon- 
tal alliance observations represented both sides of the dyad 
Thus, the pooled sample consists of 414 alliances (184 focal 
firms + 184 partner firms + 46 horizontal alliances) For a 
pooled sample of focal firms and partners, the Fama—French 
four-factor model returns for event day —2 to event day +1 
window аге 1 4% (p < 01) The returns for the sample of 
partner firms alone are 12% and not different from the 
focal firm (1 4%, = 37, n s), ın support of Н, To test the 
remaining hypotheses, we reestimated the value creation 
model, and 1n general, the results are comparable Specifi- 
cally, network centrality and reputation are not significant, 
network density 1s positive (В = 026, p < 05), network den- 
sity? 1s marginally negative (B = —012, p « 10), network 
efficiency 1s positive (B = 121, p « 01), network effi- 
ciency? 1s negative (B = — 196, p « 01), focal firm alliance 
capability ıs positive (В = 198, р < 01), and partner firm 
alliance capability ıs negative (B = – 613, p < 01) Different 
from prior results, the трасі of repeat partnering 1s now 


significant (B = 149, p « 01) A Chow test of whether the 
results vary between focal and partner firm samples finds 
no differences (F(25, 389) = 1 15, ns) 


Are Results Robust to Private Partners? 


Our sample included marketing alliances involving only 
public partners We reestimated the model with marketing 
alliances involving both public and private partners by 
excluding two partner variables available for public firms 
(ае, partner alliance capability and relative size) The 
results do not change 


Are Results Robust to Alternative Influences on 
the Announcement? 


Because multiple marketing alliance announcements could 
be made by a firm in a year, we reestimated the model 
incorporating only the first marketing alliance announce- 
ment in the year The resultant sample size of 189 
announcements yielded similar results 


Are Results Robust to Alternative Measures? 


Our measures of alliance capability used an exponentially 
smoothed model Instead, we used the simple average 
change ın firm abnormal returns, and the results do not 
change We measured relative size using sales and number 
of employees, and the results do not change We measured 
network reputation by summing, not averaging, across the 
network and by using different categorical versions, and the 
results do not change Finally, we measured market model 


cumulative abnormal returns using value-weighted portfo- 
lios as a benchmark (rather than equal-weighted portfolio), 
and the results do not change 


Do Marketing Alliance Announcements Have 
Long-Term Effecis? 


We estimated the long-term effect using buy-and-hold 
return, Ibbotson returns across time and securities, and 
calendar-time portfolio models as outlined by Sorescu, 
Shankar, and Kushwaha (2007) and Markovitch and Golder 
(2008) The results indicate no effect on long-term abnor- 
mal returns, which may be due to several reasons Furst, 
given that an alliance 1s a specific event, other intervening 
firm actions can obscure the long-term effect Second, if the 
stock market 1s efficient, investor expectations are updated 
over time (Mizik and Jacobson 2003) As such, there 1s a 
weaker chance of observing the effect of the announcement 
as time passes Third, 1f the stock market 1s efficient, expec- 
tations of the value of the alliance should be reasonably 
accurate, unless an alliance fails to meet expectations How- 
ever, our null effect indicates that no reversals occurred 


Does Liquidity Risk Affect Firm Returns for 
Marketing Alliance Announcements? 


Liquidity risk may account for variation 1n returns (Sadka 
2006) We reestimated our Fama-French four-factor model 
by including a liquidity factor, and the results are identical 
The correlation between Fama-French four-factor and five- 
factor returns 1s high (p = 80) 
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Managing Dynamics in a Customer 
Portfolio 


Although highly relevant for marketing practice, few studtes provide conceptual and empirical insights into customer 
portfolio management Furthermore, most approaches to analyzing customer portfolios are static This article 
discusses three neglected key issues relevant for a dynamic customer portfolio analysis (1) Does a static versus 
a dynamic valuation lead to a different prioritization of customer segments in a portfolio? (2) How does offensive or 
defensive management of segment dynamics affect portfolio value? and (3) Do reliable predictors for dynamics of 
a customer's position in the portfolio exist? As a tool for customer portfolio analysis, the authors develop a segment- 
based customer-lifetime-value model They capture customer dynamics by analyzing how customers switch 
between segments of different values across time The authors apply their tool with longitudinal data from four firms 
with up to 300,000 customers The results from the empirical analysis and a simulation study provide answers to 
the three key issues raised First, compared with a dynamic analysis, a static approach overestimates the value of 
some customer segments but underestimates others Second, a defensive versus offensive management of value 
dynamics is relatively more appropriate for middle-tier segments, whereas the opposite holds true for bottom-tier 
segments Third, general customer characteristics and aggregated transaction characteristics indicate future 
segment dynamics, whereas specific product usage data differentiate customers according to current value 


Keywords customer portfolio management, customer segment value, Markov model, customer relationship 
management, data mining 


ortfolio methods are well-established techniques in tomer relationships are dynamic Customers evolve over 
p practice, appreciated for their visual time and, consequently, become more or less valuable in 
appeal and clear suggestion of norm strategies They future periods (Dwyer, Schurr, and Oh 1987, Jap and 
are used for evaluating business units (e g , Wind, Mahajan, Anderson 2007, Johnson and Selnes 2004) Thus, dynamics 
and Swire 1983), products (e g , Cardozo and Smith 1983), should be an important aspect of customer portfolio 
brands (e g, Lei, Dawar, апа Lemmuink 2008), and, more analysis 
recently, customers (e g, Johnson and Selnes 2004) Cus- Dynamic customer portfolio analysis 1s usually dis- 
tomer portfolio analysis enables managers and researchers cussed from a managerial point of view (eg, Dhar and 
to capture a customer's value contribution to a firm's port- Glazer 2003, Ryals 2002) Despite 1ts high managerial rele- 
foho of relationships rather than analyzing a customer's vance, there 1s little sound academic work on the subject 
value to the firm ın isolation "Analyzing the forest, rather (Kumar, Lemon, and Parasuraman 2006) To the best of our 
than the trees" (Johnson and Selnes 2005, p 13), 1s the aim knowledge, only two academic studies have explicitly 
of customer portfolio analysis addressed customer portfolio dynamics Johnson and Selnes 
The initial approaches to customer portfolio analysis in (2004) conceptually derive a foundation for dynamic cus- 
the 1980s and 1990s are static 1n nature They usually plot tomer portfolio management by developing a set of proposi- 
customers or customer segments against two dimensions at tions addressing customer segment dynamics For example, 
the same point 1n time, such as net price, costs to serve, or they argue that loose relationships contribute to portfolio 
bargaining power (e g , Rajagopal and Sanchez 2005, Stor- value because of economies of scale and the probability of 
backa 1997, Zolkiewski and Turnbull 2002) However, cus- developing these relationships, whereas close relationships 


yield a higher average value Thus, a mix of close and loose 
а ur ————— relationships leads to a higher portfolio value (Johnson and 
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Three key issues emerge when considering customer 
portfolio dynamics (1) Does a static versus dynamic seg- 
ment valuation lead to a different prioritization of customer 
segments in a portfolio? (2) Does offensive or defensive 
management of customer value dynamics lead to a higher 
increase in portfolio value, and how does this effect differ 
from segment to segment? and (3) Do reliable predictors for 
dynamics of a customer's position 1п the portfolio exist, and 
how do they differ from predictors of present customer 
value? To address these 1ssues, we develop an analytic tool 
that analyzes dynamics 1п a customer portfolio Technically, 
we represent customer dynamics as customers switching 
between segments of different values, drawing on an 
extended Markov model Our model considers dynamics 1n 
the portfolio of customer relationships 1n a comprehensive 
way Customers can become either more or less profitable, 
or churn, 1n the course of time Furthermore, as 1n prior 
studies, we consider customer portfolio analysis on a seg- 
ment level (Johnson and Selnes 2004, Terho and Halinen 
2007, Zolkiewski and Turnbull 2002) 

We organize the remainder of this article as follows We 
begin with a more detailed discussion of the three key 
1ssues More specifically, we provide evidence for their 
relevance, discuss how they are related to prior work, and 
address how answers to these questions provide 1nsights for 
customer portfolio management Next, we develop a 
customer-lifetime-value (CLV) model as an analytic tool for 
dynamic customer portfolio analysis, explicitly taking into 
account switching patterns between customer segments 
over time We apply the model to longitudinal data from 
four firms from different industries with up to 300,000 cus- 
tomers On the basis of these results and a simulation, we 
provide generalizable answers to the three key issues and 
provide implications for customer portfolio management 
Finally, we discuss implications and areas for further 
research 


Key Issues in Dynamic Customer 
Portfolio Analysis 


We define customer portfolio analysis as a classification of 
customers or customer segments according to present and 
future value (Rajagopal and Sanchez 2005, Terho and Hali- 
nen 2007) From this analysis, we can derive implications 
for resource allocation to customers or customer segments, 
with the objective of increasing customer equity Customer 
portfolio management typically 1s a combination of both 
stages (Johnson and Selnes 2004) 


Issue 1: Implications of a Static Versus Dynamic 
Customer Segment Valuation 


The value a customer contributes to the firm has become a 
key metric ın marketing research and practice (Gupta et al 
2006) Customer portfolios have begun to consider dynam- 
128 in customer relationship value (Johnson and Selnes 
2004) Such value dynamics imply a certain level of risk in 
customer relationships, which 1s neglected when customer 
value 15 considered statically (Dhar and Glazer 2003, 
Hogan et al 2002) To the best of our knowledge, no 
empirical insights exist into how a dynamic portfolio analy- 


sis compares with a static analysis in terms of how 1 
changes the value of customer segments 1n the portfolio 

Several approaches that capture the risk of customer 
value dynamics exist (е g , Dhar and Glazer 2003, Hogan et 
al 2002) We consider the notion that risk 1s related to the 
volatility of future cash flows—that 1s, to the extent to 
which future revenue streams are stable and predictable 
(Hogan et al 2002, Srivastava, Shervam, and Fahey 1998, 
Tirenm et al 2007) Accordingly, the risk of customer 
dynamics should consist of two components (Arrow 1965, 
Pratt 1964) the probability of a change in value and the 
level of the corresponding (positive or negative) change 
Thus, with respect to customer relationships, risk captures 
both the changes 1n value of a customer across time and the 
probability of these changes On a segment level, this 
notion of risk refers to customer segments of different value 
to the firm and the switching probabilities between these 
segments (Johnson and Selnes 2004) 

Not all customer segments are equally risky (Dhar and 
Glazer 2003, Hogan et al 2002, Ryals 2002) Therefore, 
risk should affect the future value of customer segments 11 
different ways For example, customer segments with 
medium, but stable, profitability might contribute a higher 
potential value to the portfolio than currently highly prof- 
itable customers with a considerable risk of deteriorating or 
churning in the future If we take into account such dynam- 
1cs, the prioritization of segments within the customer port- 
folio may be different 

We argue that static portfolio models overestimate the 
value of top-tier customers and underestimate the value of 
bottom-tier customers because they disregard value dynam- 
ics ın customer relationships Supposedly, top-tier cus- 
tomers cannot be developed much further 1n value because 
of their relatively low probabilities of switching to better 
segments, but their risk of deteriorating in value signifi- 
cantly 1s much higher because of a high change in value 
when switching to lower segments Considering single cus- 
tomer relationships as the unit of analysis, Jap and Ander- 
son (2007, р 274) show that “relationships do not 1nex- 
orably progress to a state of peak functioning and 
performance, and many do not appear to realize anticipa- 
tions of continuing performance improvement and 
extremely close relationships” In contrast, bottom-tier cus- 
tomers cannot lose much value because of their low change 
in value when switching to lower segments or leaving 
However, they should have a high potential for 1mprove- 
ment ın value because of the substantial probabilities of 
switching to higher segments This holds because it should 
be possible for firms to convert less valuable customers 1nto 
more valuable ones (Johnson and Selnes 2004) 


Issue 2: Offensive Versus Defensive Management 
of Customer Segment Dynamics 


Firms can address value dynamics (1e, risk) 1n customer 
relationships by developing existing relationships or by 
acquiring new customers, which we define as offensive 
management of customer segment dynamics The focus 
here 1s on increasing customer value (1e, developing cus- 
tomers into higher value segments) Alternatively, firms can 
focus on ensuring that customer relationships do not deteri- 


Managing Dynamics in a Customer Portfolio / 71 


orate or end (1e, that customers stay 1n the current seg- 
ment), which we define as defensive management of cus- 
tomer segment dynamics The focus here 1s on keeping cus- 
tomer segment value at 15 current level 

Prior work has addressed aspects of customer value 
dynamics Venkatesan and Kumar (2004) propose and valı- 
date a customer selection and resource allocation model 
that maximizes CLV for a firm's actual customers Reinartz, 
Thomas, and Kumar (2005) also consider the acquisition of 
new customers because the effects of both customer acqui- 
sition and retention activities on CLV are interconnected 
(Thomas 2001) 

Prior studies have also addressed customer switching to 
competitors For example, prior work has predicted churn 
or retention probabilities (e g , Lemmens and Croux 2006, 
Schweidel, Fader, and Bradlow 2008), analyzed triggers of 
customer defection (е 2, Keaveney 1995), and evaluated 
the abandonment of unprofitable customers (Haenlein, 
Kaplan, and Schoder 2006) 

Johnson and Selnes (2004) consider customer value 
dynamics 1n the sense of acquiring new customers and of 
developing (1e, intensifying) existing customer relation- 
ships to increase customer value Furthermore, they address 
the probability that customers may defect or switch to 
competitors 

However, only a relatively small body of work has con- 
sidered customer relationships that might deteriorate but 
continue Jap and Anderson (2007, p 274) call for a closer 
examination of the decline of relationships “Another 
important research direction 1s to understand more clearly 
how firms can manage the dark side of long-term relation- 
ships and decline” This kind of dynamic 15 important 
because the duration of a customer relationship 1s not auto- 
matically related to customer profitability (Reinartz and 
Kumar 2000, 2003) In a similar vein, Du, Kamakura, and 
Mela (2007) stress that a decline 1n a customer's share of 
wallet may have a more negative 1mpact on customer port- 
folio value than customer defection 

In the context of customer portfolios, customer relation- 
ships that deteriorate but do not end have largely been 
neglected (cf Netzer, Lattin, and Ѕгинуаѕап 2008) To 
understand the contribution of customer relationships to a 
portfolio, we need to examine relationship dynamics from a 
comprehensive perspective Thus, the question of the appro- 
priateness of offensive versus defensive management of 
customer segment dynamics 15 a more general опе How 
does developing or keeping customers at their position in 
the portfolio affect portfolio value? 

It 1s likely that offensive and defensive ways to address 
value dynamics do not affect all customer segments in the 
same way In general, the literature emphasizes the appro- 
priateness of prioritizing top customers (eg, Homburg, 
Droll, and Totzek 2008) In a similar vein, Zeithaml, Rust, 
and Lemon (2001) suggest that firms should develop 
middle-ter and top-tier customer relationships However, 
an offensive management of dynamics for top-tter cus- 
tomers may reach an upper bound Johnson and Selnes 
(2004) postulate that when customers progress toward 
closer relationships, the costs of converting customers to 
even closer relationships increase Furthermore, the proba- 
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bility of acquiring new high-value customers from competi- 
tors should be relatively small Thus, we can expect an 
offensive management of dynamics to have a relatively 
greater прасі on medium segments than on top segments 
Yet defensive management of dynamics should be appropri- 
ate for top customers because of therr high present value 

With respect to bottom-tier customers, Zeithaml, Rust, 
and Lemon (2001, p 138) suggest that firms need to “get 
the lead out” and develop bottom-tier customers when a 
positive value dynamic 1s supposed to occur Such a 
dynamic may occur because loose customer relationships 
may contribute to the value of the customer portfolio as a 
result of economies of scale and because new customers are 
relatively easy to acquire and develop (Johnson and Selnes 
2004) Finally, customer retention efforts among low- 
profitability customers should have a smaller impact on 
customer equity than among top customers because of their 
low present value (Homburg, Droll, and Totzek 2008) 
Thus, we expect that for bottom-tier customers, an offensive 
management of segment dynamics 1s relatively more appro- 
priate than a defensive management 


Issue 3: Predictors of Dynamics of a Customer’s 
Position in the Portfolio 


In addition to knowing how and where to invest from a 
dynamic perspective, predicting dynamics in the customer 
portfolio 1s crucial for management Рпог research has рго- 
vided reasons for customer switching, mainly by 1dentify- 
шр triggers 1n customer perceptions and critical incidents 
(eg, Keaveney 1995, Roos and Gustafsson 2007) and by 
analyzing changes ın customer satisfaction (eg, Bolton 
1998, Lemon, White, and Winer 2002) or perceived quality 
(е g , Boulding et al 1993, Zeithaml, Berry, and Parasura- 
man 1996) These studies provide important insights, but 
monitoring customer relationships according to these 
variables requires corresponding data From a managerial 
perspective, 1t would be easier to estimate customer switch- 
ing patterns and derive implications for customer portfolio 
management based on observed customer data readily avail- 
able 1п many companies (Rust and Chung 2006) Jap and 
Anderson (2007, р 273) conclude that “опе underre- 
searched area involves the drivers that move the relationship 
from one phase to the next” 

Customers do not decrease (increase) in value suddenly, 
There 1s a need for a means to identify indicators of future 
customer dynamics in present transaction characteristics 
(е g , actual purchase or usage data) and customer charac- 
teristics (eg, sociodemographics) that predict future 
change Thus, we analyze the factors indicating that rela- 
tionships will ameliorate and the factors indicating that rela- 
tionships will deteriorate 

We expect these predictors of dynamics in the customer 
portfolio to differ from the predictors of present (1e , static) 
customer value discussed 1n previous studies (e g , Reinartz 
and Kumar 2003, Venkatesan and Kumar 2004) While 
transaction characteristics should explain a customer's 
short-term (1 e , present) profitability, more general factors, 
such as customer characteristics, should explain long-term 
profitability 


Our basic rationale 15 that customer characteristics, attı- 
tudes, and values affect purchase intentions, and purchase 
intentions then determine actual purchase behavior and cus- 
tomer value (е g , Ajzen 2001) Thus, a customer's current 
purchase behavior should determine his or her current value 
and the current state of the relationship Conversely, customer 
characteristics should be indirectly related to customer value 
by first affecting customers’ purchase intentions 

Changes 1n future purchase behavior should be induced 
by changes 1n behavioral intentions Thus, customer switch- 
ing between segments of different value should be stimu- 
lated by changes ın the customer's environment—with 
respect to customer characteristics or a customer's attitudes 
or values—or 1n marketing activities (Blocker and Flint 
2007, Netzer, Lattin, and Srinivasan 2008, Vogel, Evan- 
schitzky, and Ramaseshan 2008) Therefore, we expect that 
transactional characteristics should better predict current 
customer profitabihty, while customer characteristics 
should 1ndicate changes of customer value in the long run 


A Tool for Dynamic Customer 
Portfolio Analysis 


Overview 


To address the three key 1ssues raised, we develop a tool for 
dynamic customer portfolio analysis Figure 1 provides an 
overview of the development of this tool and shows its rela- 
tionship to the aforementioned key issues 1n customer port- 
folio management 

The first step 1n analyzing the customer portfolio 1s to 
identify customer segments of different present value We 
determine the segments by tangible characteristics, such as 
customer characteristics and transaction characteristics, 
which have a salient impact on the value customers con- 
tribute to the firm These characteristics are considered pre- 


dictors of present customer value We use data-mining tech- 
niques—namely, regression trees—to identify both the pre- 
dictors of present customer value and the corresponding 
segments 

The second step 1s to observe customers’ switching 
behavior between these value segments over time and to 
estimate switching probabilities on the basis of the observed 
patterns The switching behavior 1s assumed to underlie a 
first-order Markov process (Pfeifer and Carraway 2000) 

In the third step, we use these switching probabilities to 
predict a customer’s future contribution depending on the 
segment to which he or she currently belongs We compute 
the segment’s CLV by discounting the expected future con- 
tribution using matrix calculus The predictive quality of 
CLV 1s the benchmark for the entire model (Figure 1) 

In addition to empirically addressing the key issues 
raised, our tool for customer portfolio analysis provides a 
methodological contribution to the literature First, the tool 
is a broad empirical application of a Markov model to cap- 
ture the dynamics of customer segments, as proposed in 
prior work (Libar, Narayandas, and Humby 2002, Netzer, 
Lattin, and Srinivasan 2008, Pfeifer and Carraway 2000) 

Second, we conceptually extend existing Markov mod- 
els by specifying the definition of customer segments with 
regression trees Prior work does not specify how segments 
are defined (Libai, Narayandas, and Humby 2002) or 
choose specific criteria based on managerial experience, 
such as recency, frequency, and monetary value (e g , Bitran 
and Mondschein 1996) We draw on a long list of possible 
predictors of present customer value, such as transaction 
and customer characteristics, and identify the most шпрог- 
tant 1n an exclusively data-driven method using regression 
trees 

In the following sections, we discuss the conceptual and 
methodological background for customer portfolio analysis 


FIGURE 1 
Steps and Suggested Methods for a Dynamic Customer Portfolio Management 
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(Figure 1) We then apply our tool to four firms from differ- 
ent industries Finally, we discuss how this application 
sheds light on the three key issues 1n customer portfolio 
management 


Identify Customer Segments of Different Present 
Value 


Regression trees are a nonparametric, hypothesis-free 
method for segmentation Trees essentially split the cus- 
tomer base recursively into segments by values of the input 
variables to maximize dissimilarity between segments with 
regard to the target variable (Breiman et al 1984, Kass 
1980, Morgan and Sonquist 1963) As the splitting crite- 
rion, the tree algorithm applied in this study uses an F-test 
associated with the segment variance Among all candidate 
splits considered, we use the one with the smallest p-value 
(1e, the input variable leading to the most significant dif- 
ference 1n the target variable) The process of recursively 
dividing the customer base 1nto smaller and smaller seg- 
ments stops 1f the p-value of the F-test 1s greater than ог 
equal to a threshold, thus ensuring that the segments differ 
significantly 1n the target variable 

The 1mportance of an input variable for predicting the 
target 1s based on the number of times a variable 1s used as 
a splitting criterion, the size of the resulting segments, and 
their difference in value of the target variable More pre- 
cisely, the tmportance of an input variable 1s the square root 
of the difference 1n the sum of squared errors between fur- 
ther splitting a segment by the variable and not splitting 1 
over all segments of the tree (Friedman 2001) 

In our context, using regression trees for segmentation 
bas four major advantages First, 1t provides deeper mana- 
gerial insights into customer value than ranking customers 
according to their present or past associated profit To pro- 
vide explanations and managerial 1mplications, underlying 
predictors of customer value must be considered When 
customer switching behavior 1s not observable, another way 
to consider explanatory factors would be to use a hidden 
Markov model (e g , Netzer, Lattin, and Srinivasan 2008) 
Whereas a hidden Markov model can capture transitions 
between unobservable (latent) states of a customer relation- 
ship, our model treats the different states as directly 
observable 

Second, the definition of customer segments 1s stable 
over time If we build tiers of customers (e g , quartiles, or 
deciles) according to their past value (Zeithaml, Rust, and 
Lemon 2001), the segment limits will vary from year to 
year Furthermore, as regression trees 1dentify predictors of 
customer value and segment split points simultaneously, 
there 1s no need for a somewhat arbitrary split point as in 
regression analysis 

Third, the more information we have about a customer 
1n terms of content, the fewer periods of data are required to 
predict his or her future value Thus, our model considers a 
wide set of characteristics as possible predictors of cus- 
tomer value, lessening the need for extant longitudinal data 
on customer value Recently developed vector autoregres- 
sive models have chosen the opposite approach (Villanueva, 
Yoo, and Hanssens 2008), thus requiring many periods of 
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data for calibration. Consequently, there are usually fewer 
input variables 1n such models 

Fourth, trees explicitly consider interactions between 
dependent variables as well as nonlinear effects This holds 
because trees analyze the effect of all input variables on the 
target variable separately for each subsegment (е g , Arm- 
strong and Andress 1970) 


Estimate Switching Behavior Between Segments 


Customers can evolve over the relationship cycle (eg, 
Dwyer, Schurr, and Oh 1987) and correspondingly switch 
between segments of different values These dynamics in 
the customer base can be observed and used to estimate the 
underlying switching probabilities between segments The 
observed switching of customers are realizations of a com- 
mon underlying matrix of switching probabilities (Ander- 
son and Goodman 1957) The maximum likelihood estima- 
tor for the switching probability Б, of segment 1 to segment 
715 the percentage of customers n who were in segment 1 m 
period t — 1 and are ın segment j ın period t 


Predict Future Customer Segment Value 


The basic formulas for calculating CLV usually take into 
account a constant cash flow, which 1s discounted over a 
customer's lifetime (Mulhern 1999) Extended models also 
consider a retention rate to 1ncorporate the risk of losing a 
customer (eg, Berger and Nasr 1998) Markov models 
generalize the idea of customer retention at the firm level to 
retention within a specific customer segment These reten- 
tion (and switching) probabilities are captured by the 
Markov matrix The lifetime value of a customer within a 
segment depends on the segment to which he or she cur- 
rently belongs, the expected switching behavior denoted 1n 
the Markov matrix, and the corresponding change 1n value 
(for equations, see Pfeifer and Carraway 2000) 


Data 


To empirically validate the tool we present for customer 
portfolio analysis, we analyzed longitudinal customer-level 
data from four firms 1n both business-to-consumer and 
business-to-business contexts banking, telecommunica- 
tions, pharmaceuticals, and chemicals (see Table 1) 

The starting panel size of the data sets ranged from 826 
(chemicals) to 300,000 customers (telecommunications) 
The customer cohorts covered the complete customer base 
(chemicals) or the members of a physician panel (pharma- 
ceuticals) or were a random sample of customers (banking 
and telecommunicattons) Cohorts were observed across 
four to five periods (years or quarters)—for the bank, the 
pharmaceutical, and the chemical companies from 2003 to 
2006, and for the telecommunications company (due to the 
availability of data and the volatility of the market) from the 
first quarter of 2006 to the first quarter of 2007 

To define the required variables, we identified a long list 
of potential predictors of present customer value through an 
extensive literature review (eg, Fader, Hardie, and Lee 
2005, Reinartz and Kumar 2000, 2003, Venkatesan and 
Kumar 2004) and expert interviews, which we then com- 


TABLE 1 
Data Sets Used for Model Application 





Banking 


Size of Cohort 
100,000 


Time Horizon 
4 years 


Number of Variables 
61 


Telecommunications 


Pharmaceuticals Chemicals 


Database Size 


 ———————-————-.———-—————_ 


300,000 


5 quarters 


37 


3422 826 
4 years 4 years 
11 16 


Input Variables 


Customer Characteristics 





*Risk aversion 
Occupation 

*Marital status 
*Social status 


eNumber of children 


«Social status 

Lifestyle 

*Residential house type 
«Residential neighborhood 
eFax affinity 

«Cellular phone affinity 
«Internet affinity 

*|SDN affinity 

«Personal computer affinity 
•Аде 

*Title 

Purchasing power 
eLoyalty card holder 
ePayment method 
*Restriction note 
eAdmonition note 


eCountry 

«Industry (sector) 
«Industry (segment) 
«Industry (subsegment) 
eDistribution channel 


•Туре of practice 

*Field of activity 

*Area of expertise 
«Patients per quarter 
eParticipation in studies 
eVisit of trainings 

eYear of practice formation 


Transaction Characteristics 





eCross-buying 
eActual income 
eEstimated income 
«Known income 

eOnline banking access 
«Telephone banking access 
«Exemption order 
«Асе customer 
ePossession, number and 
volume/balance of 15 
product categories 
-Managed depots 
-Self-managed depots 
-Home loans 

-Business loans 
-Private loans 
-Complex loans 

-Debit card 

-Current account 
-Credit card 

-Savings deposit 
-Savings plans 
-Mortgage savings plan 
-Other deposits 

-Life insurance 

-Risk insurance 


*Share of volume 

«Share of wallet 

*Online invoice service 

*Carrier preselection for long- 
distance calls 

•Сатег preselection for local 
calls 

*Cross-buying connections 

¢Cross-buying tariffs 

eConnection seconds for local 
calls 

eConnection seconds for 
mobile calls 

eConnection seconds for 
national calls 

Connection seconds for 
international calls 

•Соппесћоп options 

eAnalog connection 

*|SDN connection 

eISDN system connection 

ePrimary rate interface 

*DSL connection 


eBroadband connection options 


«Standard tariffs number 
*Optional tariffs number 


*Share of generic drugs 
«Share of wallet 
«Competitive position 


«Number of call reports 
«Monetary value 

«Number of product groups 
eNumber of product lines 
eRecency 

Frequency 

Outstanding bilis 

Share of wallet 

*Total demand volume 
Competitive position 


Target Variable 





«Contribution margin 


eContribution margin 


«Sales *Contribution margin 


Notes ISDN = integrated services digital network DSL = digital subscriber line 
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pared with the data available 1n the participating firms We 
excluded input vanables that were highly correlated (1e, 
correlations above 80) from further analysis—notably, in 
terms of the target variable The final number of input 
variables ın the data sets ranged from 10 to 60 

These potential predictors of present customer value can 
be categorized as general customer characteristics and 
transaction characteristics (for a similar approach, see Lem- 
mens and Croux 2006) For present customer value, the tar- 
get variable, we considered the variable available in each 
firm that best approximated customer cash flow Many 
researchers approximate cash flow by using information on 
customer profitability or contribution margin (e g , Venkate- 
san and Kumar 2004) Both the bank and the telecommuni- 
cations firm assign product costs as well as marketing and 
sales costs to individual customers (1 e , costs of serving the 
customer) For the chemical company, the contribution mar- 
gin included only direct and indirect production costs For 
the pharmaceutical company, customer value 15 approxi- 
mated by sales volume The pharmaceutical company does 
not assign costs of serving particular customers (e g , costs 
of visiting a particular physician) to the corresponding cus- 
tomer accounts However, the major costs for a pharmaceu- 
tical company—namely, research-and-development costs— 
are not customer specific Table 1 provides an overview of 
the number and type of variables 1n each data set 

In each data set, we used a random sample of 80% of 
the cohort to develop our model We used the remaining 
2095 for validation Out-of-sample estimates result in objec- 
tive measures of predictive accuracy, otherwise, a model 
would be tested on the same data used for calibration (Malt- 
house and Blattberg 2005) In creating the regression tree, 
we again split the modeling data set into training, test, and 
validation data sets (relation 60-30-10) to avoid overfitting 


the model and to allow for generalization of the relation- 
ships found (Breiman et al 1984) 


Empirical Application 
We evaluated all four data sets ш the same way, according 
to the three-step procedure we presented (Figure 1) We 
conducted all steps of the analysis using the software pack- 
age SAS (SAS Enterprise Miner 5 2, SAS 9 3 1) 


Customer Segments and Predictors of Present 
Customer Value 


We evaluated different settings for the regression tree algo- 
nthm using the first period of panel data (Figure 1) We 
compared the variations of the regression trees according to 
their predictive performance In calibrating such models, 
there 1s always a trade-off between ensuring enough com- 
plexity to capture all information of the training data and 
ensuring generalizability to new observations (bias variance 
dilemma, German, Bienenstock, and Doursat 1992, 
Thieme, Song, and Calantone 2000) Because our goal 15 to 
reduce model complexity to support its applicability, we 
limited the growth of the tree rather strictly As the thresh- 
old for the significance of splits, we set the p-value to 0001 
and defined a minimum leaf size containing 1% of the cus- 
tomer sample and a maximum of three to five consecutive 
splits When comparing the predictive quality with more 
complex models (splitting the customer base into a higher 
number of segments), we found that the more complex 
model did not lead to a considerably better prediction 

For each of the four data sets, Table 2 shows the 
variables chosen by the regression trees and their relative 
importance Our analyses show that only a limited number 
of variables are indeed key predictors of present customer 


TABLE 2 
Predictors of Present Customer Value Identified by Regression Trees 





Banking Telecommunications 
Impor- Impor- 
Variablea tancea b Variable tance 
Self-managed 100 Cross-buying 100 
depots balance connections 
Cross-buying 39 Connection 59 
seconds for 
national calls 
Current account 23 Connection 48 
balance seconds for 
local calls 
Savings deposit 19 Connection 32 
possession seconds for 
mobile calls 
Current account 07 Loyalty card 28 
possession holder 
ISDN connection 21 
Standard tarifis 18 
number 


aThe results are shown for the first period of data 


Pharmaceuticals Chemicals 
Impor- Impor- 
Variable tance Variable tance 
Share of wallet 100 Frequency 100 
Type of practice 55 Monetary value 29 
Field of activity 10 


bThe importance of the input variables for predicting the dependent variable (for the formula, see Friedman 2001) The value for the most impor- 
tant input variable is set to 1 Values for the other variables correspond to their relative importance compared with the most important input 


variable 
Notes ISDN - integrated services digital network 
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value, though the data sets are of substantially different size 
(Table 1) With regard to the type of variables considered 
predictors, our analyses imply that general customer char- 
acteristics do not explain present customer value to an 
appreciable extent (see Knott, Hayes, and Neslin 2002) The 
most important predictors of present value are a customer’s 
usage of specific products—for example, self-managed 
depots (banking), specific connections (telecommunica- 
tions), and general transaction characteristics, such as share 
of wallet (pharmaceuticals), cross-buying (banking), and 
recency, frequency, and monetary value (chemicals) 

We split the customer base into segments by the criteria 
and split points integral for differentiating customers 
according to their present value Table 3 describes the seg- 
ments identified by the regression trees 1n detail According 
to the final calibration of the regression tree algorithm, we 
obtained 8—12 segments, which explained a substantial pro- 
portion of a customer’s present value 

For illustrative purposes, we labeled the segments A++ 
to C or D depending on their average customer value Aver- 
age customer values differ greatly between segments In the 
chemicals data set, an average customer belonging to the 
most valuable segment has a contribution margin more than 
100 times higher (€1,629,000) than the average value of a 
customer in the least valuable segment (€14,000) In the 
bank data set, the spread of customer value between the 
most and the least valuable customer segments 1s even 
wider A++ customers have an average contribution margin 
almost 300 times higher than D customers Following our 
customer classification, the results show that the group of A 
customers (1.e , A, А+, and A++) makes up only 3276-1446 
of the customer base 

For the bank (chemical company), the 21% (1796) most 
valuable customers account for 75% (81%) of the total 
value of the customer base (Table 3) However, the differ- 
ences 1n value between top-tier and bottom-tier segments 1n 
the pharmaceutical and telecommunications firms are 
smaller, so the top 24% (29%) of customers account for 
only 39% (46%) of the pharmaceutical (telecommunica- 
tions) customer base value (Table 3). 

When comparing the segment's contribution with over- 
all firm value, the results show that A+ and A++ customer 
segments 1n the pharmaceutical and telecommunications 
firms are not contributing the most to customer equity as a 
segment (Table 3) This 1s due to their small size in terms of 
number of customers and the relatively moderate difference 
їп average value compared with middle- and lower-tier seg- 
ments In all firms considered, middle-tier segments are 
among the three segments contributing the most to cus- 
tomer equity 

To venfy the stability of the identified customer seg- 
ments, especially their independence of temporal effects 
(e g , particular marketing actions, external effects, such as 
1ndustry climate), we conducted a sensitivity analysis across 
periods and methods For all data sets, we ran regression 
trees for each of the following periods, and we obtained 
similar values of variable 1mportance More specifically, the 
variables 1dentified by the regression trees using the first 
period of data were also chosen 1n 80% of the cases 1n the 


following periods ! Furthermore, a stepwise regression 
analysis ш all periods showed that the predictors identified 
by the regression trees had high standardized beta coeffi- 
cients In particular, except for the telecommunications data 
set, the variable with the highest standardized beta always 
corresponded to the one with the highest variable importance 

To improve the stability of the segmentation based on 
regression trees, bootstrapping methods, such as “bagging,” 
have been developed (Buchlmann and Yu 2002, Lemmens 
and Croux 2006) As part of the bagging procedure, a sub- 
sample 1s drawn with replacement from the original sample 
The size of both samples 1s 1dentical Then, a tree 1s cali- 
brated on the basis of this subsample This procedure 1s 
repeated several times The target variables resulting from 
the 1ndividual trees are averaged Bagging regression trees 
1s suggested for unstable predictors when the estimated 
value strongly depends on the calibration sample 

We conducted bagging for the chemical company The 
results show that the variables chosen, their relative ппрог- 
tance, and the basic structure of the trees are fairly stable 
across the individual trees Thus, we refrained from bagging 
trees for all data sets In general, whether to use bagging for 
segmentation needs to be decided on a case-by-case basis 2 

Because the predictors of customer value proved to be 
sufficiently stable over time, it 1s reasonable to define seg- 
ments equally in all periods Thus, segment bounds with 
respect to the drivers of customer value used for customer 
classification аге the same 1n each репой The results also 
show that the segment values 1n our analysis are fairly sta- 
ble Table 4 provides the observed value of each segment 
across years 


Switching Behavior Between Segments 


We estimated switching behavior between segments over 
tume from observed behavior For each of the four data sets, 
Table 5 presents the identified Markov matrices, including 
the switching probabilities between the identified segments 
Across all industries, no segment is completely stable In 
the bank data set, for example, the probability of remaining 
ın a specific segment ranges from p = 49 to p = 92 The 
most unstable segment 1s A customers, who have the high- 
est risk of becoming B+ (p = 12) or even C customers (p = 
19) in the next year Conversely, B+ customers have posi- 
tive prospects There 1s a probability of 07 that a B+ cus- 
tomer will become an A+ customer ın the following year 
Again, we conducted a sensitivity analysis over time, 
calculating switching probabilities for each period. The 
comparison shows that the probability of remaining ш the 
current segment remains relatively stable In the bank data 
set, for example, 1n 90% of the cases, yearly probabilities 





ТРпог work has suggested using lagged transaction history 
variables as drivers of CLV to avoid issues of endogeneity and 
simultaneity ın parametric models (e g , Venkatesan and Kumar 
2004) Although regression trees are nonparametric, we reran our 
regression tree algorithms by using lagged target variables 
The results show that regression trees using lagged contribution 
margin/sales as dependent variables lead to similar results 
Specifically, the most 1mportant predictors of customer value 
remain unchanged in all data sets 

2We thank an anonymous reviewer for bringing up this 1ssue 
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TABLE 3 
Identified Segments of Different Current Value 
—————— M ни ан неки a auaa а, 
Cumulated Cumulated 
Customer Size ofthe Size ofthe Segment Segment 
Value Customer Customer Contribution Contribution 
Period1 Segment Segment to Customer to Customer 


Segment Criteria (€) (%ја (%)а Equity (%)@ Equity (%)а 
NN NE NO a ТОР. 
Banking 
А++ Self-managed depots > €186,677 3,608 1 1 15 15 
A+ €89,077 < self-managed depots < €186,677 1,680 1 2 10 26 
A €3,719 < self-managed depots < €89,077, 1,318 1 3 6 31 
current account > €7,911 
B++ Self-managed depots < €3,719, cross- 841 1 4 6 37 
buying 2 4, no savings deposit 
B+ €32,127 < self-managed depots < €89,077, 673 3 7 10 47 
current account < €7,911 
B Self-managed depots < €3,719, cross- 675 2 10 8 55 
buying = 5, savings deposit possession 
C++ Self-managed depots < €3,719, cross- 334 3 12 5 59 
buying = 4, savings deposit possession 
C+ Self-managed depots < €3,719, 2 < cross- 345 9 21 16 75 
buying < 3, no savings deposit 
С €3,719 < self-managed depots < €32,127, 188 8 30 8 83 
current account < €7,911 
р++ Self-managed depots < €3,719, 2 < cross- 113 16 46 9 92 
buying < 3, savings deposit possession 
D+ Self-managed depots < €3,719, cross- 89 12 58 5 97 
buying < 1, current account possession 
D Self-managed depots < €3,719, cross- 13 42 100 3 100 


buying < 1, no current account 


Telecommunications 
A++ Cross-buying connections > 2, connection 27 1 1 2 2 
seconds for mobile calls > 2,070, standard 
tariffs number 2 1 
A+ Cross-buying connections > 2, connection 22 2 3 5 7 
seconds for mobile calls > 2,070, standard 
tariffs number < 1 
A Cross-buying connections > 2, connection 19 5 7 9 16 
seconds for mobile calls < 2,070, ISDN 
connection > 1 
B++ Cross-buying connections > 2, connection 15 5 12 8 24 
seconds for mobile calls < 2,070, ISDN 
connection < 1 
B+ Cross-buying connections < 2, connection 13 17 29 23 46 
seconds for national calls > 3,550, loyalty 
card holder < 1 
B Cross-buying connections < 2, connection 11 12 41 14 60 
seconds for national calls < 3,550, connection 
seconds for local calls > 12,490 
C+ Cross-buying connections < 2, connection 9 6 47 6 66 
seconds for national calls > 3,550, loyalty 
card holder > 1 
С Cross-buying connections < 2, connection 6 53 100 34 100 
seconds for national calls < 3,550, connection 
seconds for local calls < 12,490 


Pharmaceuticals 


А+ Share of wallet > 28 5%, group practice 21,906 6 6 13 13 

A Share of wallet 2 39 5%, single practice 17,666 8 14 13 26 

В+ 17 5% < share of wallet < 28 5%, group 13,527 10 24 13 39 
practice 

B 28 5% < share of wallet < 39 5%, single 12,534 18 42 22 61 
practice 

C+ 17 5% < share of wallet < 28 5%, single 8,871 32 74 28 89 
practice 

С Share of wallet < 17 5%, group practice 6,077 5 78 3 92 
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TABLE 3 
Continued 


a = о о-_——=—–——– 


Customer Size of the Size of the 


Cumulated 
Segment 


Cumulated 
Segment 


Value: Customer Customer Contribution Contribution 
Period 1 Segment Segment to Customer to Customer 
Segment Criteria (€) (%ја (%)а Equity (%)@ Equity (%)@ 
D+ Share of wallet < 17 5%, single practice, 4,055 4 83 2 94 
internist 
D Share of wallet < 17 5%, single practice, 3,856 17 100 6 100 
general practitioner 
Chemicals 
А+ Frequency > 103 1,6296 2 2 30 30 
А 37 < frequency < 103, monetary value > 861 4 6 24 54 
€11 65 
В++ Frequency < 37, monetary value > €26 8 440 2 8 7 61 
В+ 37 < frequency < 103, monetary value < 334 5 13 13 74 
€116 
B 13 5 < frequency < 37, €8 5 < monetary 249 4 17 7 81 
value < €26 8 
C++ 13 5 < frequency < 37, monetary value < 95 9 26 6 87 
€85 
C+ Frequency < 13 5, €6 8 < monetary value < 59 13 39 6 93 
€26 8 
С Frequency < 13 5, monetary value < €6 8 14 61 100 7 100 


aSegment sizes and contribution to customer equity are indicated for the first period of data 


bin units of 1000 
Notes ISDN = integrated services digital network 


differed only slightly (maximum of 5%) from the estimated 
overall probabilities of remaining 1n the current segment 


CLV 


Given the segment to which a customer currently belongs, 
the expected development of an average customer in this 
segment, and the corresponding changes in value, the CLV 
of a customer segment can be calculated The expected 
value contribution of a segment 1n a particular period used 
for CLV calculation 1s the average value contribution of all 
members of that segment 1n this period. With longitudinal 
data, the value of segments can be determined across реп- 
ods The value of a segment 1s the average value of all 
members of the segment across periods weighted by the 
segment size 1n the corresponding year (see the first column 
of Table 4) 

Table 6 provides expected future values and the corre- 
sponding CLV for the next four periods and for an infinite 
time horizon Dynamics in the customer base cause a 
change 1n the ranking of customer segments according to 
static present value and CLV Thus, 1 1s important to 
account for a customer segment’s future development when 
prioritizing customer segments 

Because it 1s a common heuristic for predicting cus- 
tomer value, we used past customer value as a benchmark 
to test our model’s performance (see Reinartz and Kumar 
2003, Venkatesan and Kumar 2004) For a holdout sample 
of 166 (chemicals) to 60,000 (telecommunications) cus- 
tomers 1n the first period, we predicted the future value of a 
customer for the next three (four) periods using our analyti- 


cal tool Alternatively, we predicted future values for the 
same time horizons from the extrapolation of the first 
period value 

To evaluate the predictive accuracy of the Markov 
model versus the extrapolation of past value, we compared 
the average squared errors of expected customer values with 
the observed values In addition, we compared the predicted 
with the actual number of customers 1n the identified seg- 
ments, calculating a corresponding musclassification rate 

As Table 7 shows, the Markov model 1s superior to the 
extrapolation of past value 1n all cases Unlike the static 
consideration of past value, accuracy of the dynamic 
Markov model increases with the length of the time horizon 
to predict Intuitively, dynamics are more distinct for a 
longer time horizon, thus, 1t becomes more important to 
consider them when prioritizing customer segments For 
example, 1n the case of the bank, the difference 1n the aver- 
age squared error between the extrapolation of past value 
and the prediction of the Markov model increases from 
10,111 1n Period 2 to 96,684 ш Period 4 The superiority of 
the Markov model becomes even more apparent when com- 
paring musclassification rates The latter are two to five 
times lower than those of the extrapolation of past value 
Thus, the results show that the Markov model outperforms 
the extrapolation of past value and leads to a better predic- 
tion of observed customer value 

In addition to the extrapolation of past value, we bench- 
marked the Markov model against an autoregressive 
model—a regression model in which the present value of a 
customer segment 1s explained by its value 1n the former 
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TABLE 4 


Observed Customer Values of Segments Across Periods 


Average Customer Customer Customer Customer Customer 
Customer Value: Value: Value: Value: Value: 
Segment Value (€) Period 1 (€) Period 2 (€) Period 3 (€) Period 4 (€) Period 5 (€) 
Banking 
А++ 5,221 3,608 5,542 5,459 5,997 — 
А+ 1,890 1,680 2,019 1,870 1,989 
А 1,249 1,318 1,195 1,240 1,237 — 
B++ 779 841 776 743 748 — 
B4 720 673 741 706 767 — 
B 712 675 735 716 724 — 
C++ 357 334 364 374 359 — 
C+ 334 345 339 335 316 — 
C 199 188 205 199 206 — 
D++ 124 113 129 126 127 — 
D+ 101 89 101 108 110 — 
D 10 13 15 7 3 — 
Telecommunications 
А++ 27 27 31 30 24 24 
А+ 20 22 25 25 16 17 
А 19 19 22 22 15 17 
В++ 14 15 17 16 11 14 
В+ 13 13 14 14 12 14 
В 12 11 12 12 11 12 
C+ 10 9 11 11 9 12 
С 7 6 7 7 7 8 
Pharmaceuticals 
A+ 22,072 21,906 22,281 20,513 23,892 — 
A 16,829 17,666 17,368 13,009 9,810 — 
B+ 14,348 13,527 13,490 14,595 16,368 — 
B 12,651 12,534 13,152 11,213 12,647 — 
C+ 9,365 8,871 9,242 9,347 10,142 — 
C 8,486 6,077 8,639 9,093 9,164 — 
D+ 5,967 4,055 6,145 6,628 6,424 — 
D 4,543 3,856 4,156 4,745 4,891 — 
Chemicals@ 
A+ 2,105 1,629 2,486 2,405 2,161 — 
A 1,045 861 914 1,270 1,155 — 
В++ 419 440 352 410 477 — 
B+ 299 334 274 256 252 — 
B 255 249 270 269 234 — 
C++ 86 95 83 70 66 — 
C+ 49 59 42 47 52 — 
C 12 14 10 2 11 — 


aln units of 1000 


Notes Values per period depict the average value of customers belonging to this segment in this period The average value depicts the aver- 


age across periods weighted by the yearly segment sizes 


period (see Villanueva, Yoo, and Hanssens 2008) The 
autoregressive model outperforms the extrapolation of past 
value with regard to the average squared error, however, 1 
yields considerably poorer results than the extended 
Markov model 

In addition to ascertaining the conceptual advantages 
for the use of regression trees as an underlying segmenta- 
tion method, we assessed 5 performance empirically We 
compared the average squared error of the Markov model 
based on the regression tree segmentation with a Markov 
model based on a cluster analysis for segmentation Again, 
the Markov model based on regression trees outperformed 
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the cluster analysis method (see Тпепт et al 2007) Intui- 
tively, this 1s because regression trees rely on customer 
value during the identification of segments 


Implications for Dynamic Customer 
Portfolio Management 


We conducted a dynamic customer portfolio analysis to 
address the three key 1ssues 1n the dynamic management of 
the customer portfolio and to provide empincally grounded, 
general guidelines (Figure 1) This section discusses the 
results of our analyses 1n the light of these key 1ssues 


TABLE 5 
Segment Switching Probabilities (%) Between Two Periods 









































A: Banking 
Customer tal 
Segments A++ А+ A В++ B+ B C++ C+ Cc D D+ D Оа 
А++ 867 53 4 3 6 1 1 11 4 3 4 22 22 
А+ 105 719 18 5 68 2 3 12 10 7 3 18 30 
A 10 58 486 16 121 16 12 37 191 16 10 15 11 
B++ 3 5 8 692 5 28 3 199 23 2 4 27 1 
B+ 7 66 33 3 730 4 4 8 73 13 3 25 29 
B 0 1 3 18 3 754 119 26 30 34 1 11 1 
t=0 С++ 0 2 5 3 2 78 647 38 26 165 4 27 3 
C+ 1 2 4 22 3 3 8 758 15 15 54 97 19 
С 1 3 22 6 41 11 10 19 771 39 3 42 33 
D++ 0 1 1 0 2 7 21 9 18 817 16 79 28 
D+ 0 0 1 1 0 1 1 46 2 17 795 75 60 
р 0 0 0 0 1 0 0 3 5 5 1 90 4 81 
Qa 0 1 0 1 2 0 1 9 8 9 15 36 918 
B: Telecommunications 
Customer Шыл 
Segments А++ А+ А Br B+ B C+ с 0 
А++ 537 77 109 117 42 26 31 40 21 
А+ 5 629 106 66 49 32 61 29 23 
А 13 53 749 7 33 20 41 62 23 
B++ 10 28 2 813 17 16 18 76 21 
t=0 B+ 1 15 19 17 704 49 17 155 23 
B 1 14 15 21 68 619 32 206 23 
C+ 2 40 47 38 6 48 68 4 108 27 
С 0 2 7 14 36 31 12 87 4 24 
Оа 0 1 2 3 5 4 4 15 965 
C: Pharmaceuticals 
Customer ri 
Segments A+ A B+ B C+ С D+ D 
А+ 46 2 0 44 5 0 0 93 0 0 
A 0 38 3 0 277 238 0 27 75 
B+ 55 0 545 0 0 400 0 0 
B 0 57 0 34 6 403 0 48 146 
t=0 C+ 0 3 0 73 521 0 72 33 0 
C 5 0 153 0 0 843 0 0 
D+ 0 0 0 7 136 0 856 0 
D 0 1 0 6 133 0 0 86 0 
D: Chemicals 
Customer Pu 
Segments A+ A B++ B+ B C++ C+ Cc Оа 
А+ 778 111 0 56 0 0 0 56 0 
A 28 61 1 153 42 125 14 0 14 14 
B++ 0 57 495 0 124 0 17 1 48 105 
B+ 16 23 0 16 311 230 131 33 16 16 
t=0 B 0 56 202 22 404 34 258 0 22 
C++ 0 0 0 94 115 313 292 177 10 
C+ 0 3 100 3 29 11 512 119 224 
С 0 0 11 0 8 8 189 353 432 
0а 0 0 4 0 0 0 19 63 914 


aSegment 0 comprises defected customers This information was not available for the pharmaceuticals data set 
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Expected Future Value and Calculation of CLV Including Dynamics 


TABLE 6 


Average Expected Expected Expected Expected CLV: 
Value: Value: Value: Value: Value: СМ: CLV: CLV: CLV: to Infinity 
Segment t=0(€) t=1(€) t-2(€) t=3(€) t=4(€) t=1(€) t=2(€) t=3(€) t=4(€) (€) 
Banking 
А++ 5,221 4,643 4,147 3,717 3,342 9,442 12,869 15,661 17,944 28,843 
А+ 1,890 1,993 2,002 1,955 1,876 3,702 5,356 6,826 8,107 15,374 
А 1,249 940 799 731 693 2,104 2,764 3,313 3,786 7,017 
B++ 779 670 584 516 461 1,388 1,871 2,259 2,574 4,434 
B+ 720 754 775 785 785 1,406 2,047 2,637 3,173 6,994 
B 712 621 548 490 442 1,276 1,729 2,097 2,398 4,249 
С++ 357 341 323 305 288 667 934 1,163 1,360 2,808 
C+ 334 305 279 257 239 611 842 1,035 1,198 2,409 
С 199 250 281 302 315 426 659 886 1,101 3,035 
D++ 124 128 131 133 136 239 348 448 540 1,518 
D+ 101 103 104 105 106 195 281 360 432 1,230 
D 10 13 18 23 29 22 37 54 74 611 
0a 0 14 26 38 48 12 34 62 95 791 
Telecommunications 
А++ 27 21 18 15 14 48 65 80 92 146 
A+ 20 18 16 14 13 37 52 65 78 132 
A 19 17 16 14 13 35 50 64 76 131 
B++ 14 13 13 12 11 27 40 51 62 116 
B+ 13 12 11 11 10 25 36 46 55 106 
B 12 11 10 10 10 23 32 41 51 101 
C+ 10 11 11 11 11 21 31 41 51 103 
С 7 8 8 8 8 15 22 30 37 86 
Qa 0 0 1 1 1 0 1 2 3 26 
Pharmaceuticals 
A+ 22,072 17,373 14,434 12,712 11,733 37,866 49,795 59,346 67,360 139,973 
A 16,829 12,683 10,068 8,467 7,515 28,359 36,680 43,041 48,173 91,625 
B4 14,348 12,424 11,502 11,037 10,793 25,643 35,149 43,441 50,813 122,774 
B 12,651 10,056 8,418 7,464 6,923 21,792 28,749 34,357 39,086 82,094 
C+ 9,365 7,794 7,041 6,658 6,457 16,451 22,270 27,272 31,683 74,321 
С 8,486 9,446 9,939 10,200 10,340 17,073 25,288 32,951 40,013 111,668 
D+ 5,967 6,479 6,684 6,746 6,739 11,857 17,381 22,450 27,052 70,989 
D 4,543 5,246 5,622 5,832 5,955 9,312 13,959 18,340 22,407 64,450 
Chemicals¢ 
A+ 2,105 1,770 1,492 1,258 1,060 3,714 4,947 5,892 6,617 9,095 
A 1,045 807 643 524 434 1,778 2,310 2,704 3,000 4,093 
B++ 419 308 247 207 178 699 903 1,059 1,181 1,749 
B+ 299 446 436 390 339 704 1,065 1,358 1,590 2,517 
B 255 269 251 224 198 500 707 876 1,011 1,635 
C++ 86 100 131 141 138 178 286 392 486 1,000 
C+ 49 80 87 86 82 121 194 258 314 684 
С 12 20 30 36 39 30 55 81 108 379 
Оа 0 3 7 11 15 3 9 17 28 237 


aSegment 0 comprises defected customers This information was not available for the pharmaceuticals data set 


bDiscount rate = 10 For example, СІМ, _ , = Average Value; . о + (Expected Value, .. ,/1 10) 


сіп units of 1000 


Issue 1: Implications of a Static Versus Dynamic 
Customer Segment Valuation 


We evaluated the customer portfolio by explicitly taking 
into account dynamics, we included the risk (probability) of 
a customer segment to deteriorate (ameliorate) 1n the future 
Compared with the static customer valuation, the results 
show that when we consider customer dynamics, the priori- 
tization of customer segments within the portfolio differs 
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(Table 6) Absent consideration of switching behavior, the 
value of some customer segments 1s overestimated while 
others are underestimated Thus, considering these dynam- 
ics affects customer portfolio valuation 

More specifically, static models overestimate the value 
of top-tier customers and underestimate the value of 
bottom-tier customers Across all firms considered, top cus- 
tomers are expected to contribute less value to the company 
in future periods because the probability of switching to 


TABLE 7 
Predictive Accuracy of the Proposed Markov Model 








Past Value 
АЅЕа: ASE: ASE: ASE: Total 
Period 2 Period 3 Period 4 Period 5 ASE 
Banking 
1,545,745 1,824,749 2,046,920 — 5,417,414 
Telecommunications 
162 177 228 222 789 
Pharmaceuticals 
43,607,529 60,943,806 71,548,175 — 176,099,510 
Chemicals 
86,920 116,434 145,111 — 348,465 
MCRD: MCR: MCR: MCR- Average 
Period 2 Period 3 Period 4 Period5 MCR 
(%) (%) (%) (%) (%) 
Banking 
16 20 — 17 
Telecommunications 
15 13 22 22 
Pharmaceuticals 
39 39 — 34 
Chemicals 
34 55 63 — 50 


Markov Model 
ASE: ASE: ASE: ASE: Total 
Period 2 Period 3 Period 4 Period 5 ASE 
1,535,684 1,766,349 1,950,236 — 5,252,219 
128 142 182 178 630 
42,641,001 49,982,794 56,761,323  — 149,385,118 
79,882 105,354 130,612 — 315,848 
MCR: MCR: MCR MCR: Average 
Period 2 Period 3 Period 4 Period 5 MCR 
(%) (%) (%) (%) (%) 
4 5 1 — 3 
7 12 7 5 10 
23 11 12 — 15 
7 17 16 — 13 





aASE - average squared error of the estimated versus actual customer value 
bMCR = misclassification rate of the estimated versus actual number of customers in each segment 


lower segments corresponds to a significant drop 1n value 
On average, present A++ and A+ customers will contribute 
a lower value in future periods because the probability of 
deteriorating 1s substantial (Table 6) For example, for the 
bank, the expected value of present A++ customers drops 
from €5,221 today to €3,342 1n four years Conversely, 
bottom-tier customers are expected to 1ncrease 1n value 1n 
future periods because there 1s a probability (albeit small) 
that they will switch to segments that correspond to a higher 
value 1п the next periods In general, present С and D cus- 
tomers are expected to increase 1n value 1n the future (Table 
6) For example, in the chemical company, C customers 
contributing €12,000 at present are expected to contribute 
on average €39,000 in four years 

Apart from this general trend, there are specific switch- 
ing patterns 1n the customer portfolio of each firm, which, 
when neglected, lead to an erroneous prioritization of cus- 
tomer segments 1n terms of value (Table 6) For example, 
the bank customers ın segment B+ have a 6 6% probability 
of switching to the A+ segment This explains why this seg- 
ment, when ranked according to present value, 15 relatively 
undervalued (Table 6) Furthermore, A customers have a 
19 1% probability of switching to the C segment 1n the next 
period, resulting 1n a drop ш expected value from €1,249 
(t = 0) to 6940 (t = 1) Similar implications arise for the 
other firms 


Issue 2: Offensive Versus Defensive Management 
of Customer Segment Dynamics 


In this study, we consider customer dynamics comprehen- 
sively Dynamics in customer relationships can result from 
(1) customers switching to higher-value segments, (2) cus- 
tomers switching to lower-value segments, and (3) cus- 
tomers switching to competitors. Whereas offensive man- 
agement ш a customer portfolio pertains to promoting 
customers to switch to more valuable segments (as 1n Point 
1), defensive management of customer segment dynamics 
refers to hindering the switch to worse segments (as in 
Points 2 and 3, Table 5) To study the profit impact of offen- 
sive versus defensive management of customer segment 
dynamics 1n a customer portfolio, we conducted a simula- 
tion study 

Changing the switching behavior of a particular cus- 
tomer segment will influence the long-term value of the 
customer base as a whole The amount of amelioration a 
segment’s switching probability 1s worth depends not only 
on the short-term effects on this segment but also on the 
long-term effects on connected segments 1n the portfolio 
Using the Markov matrix, we assess the profit impact of 
encouraging customers to mse to more valuable segments 
and preventing them from dropping to less valuable seg- 
ments Table 8 provides an overview of the corresponding 
changes in customer equity for two scenarios In the 
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TABLE 8 
Simulation Study: Offensive Versus Defensive Management of Switching Probabilities 


Promoting Customers 


t=1 t=2 t=3 t=4 
Segment (€) (€) (€) (€) 
Banking 
А++а 0 0 0 0 
А+ 30,275 82,344 148,941 224,284 
А 5,828 19,101 38,697 62,843 
B 4,277 10,511 17,849 25,970 
B+ 1,597 857 —4,067 —13,738 
B 158 2,517 8,093 17,198 
C++ 9,671 24,484 41,761 59,898 
C+ 1,843 6,088 12,587 20,929 
C 9,843 21,633 31,331 37,080 
D++ 11,003 36,184 74,972 125,307 
D+ 2,466 6,798 12,570 19,444 
D 34,841 97,006 179,572 276,503 
Telecommunications 
А++а 0 0 0 
А+ 429 1,176 2,133 3,241 
А 196 462 737 999 
В++ 677 1,955 3,745 6,003 
B+ 375 1,323 2,864 4,990 
B 522 1,389 2,465 3,687 
C+ 268 553 739 783 
C 4,991 14,627 28,264 45,560 
Pharmaceuticals 
А+а 0 0 0 0 
А 13,061 29,811 46,866 63,232 
В+ 7,712 14,600 16,294 11,661 
B 9,507 26,724 50,650 79,417 
C+ 32,706 79,470 128,117 173,340 
Cb 1,367 1,202 —3,710 —15,473 
D4b 3,137 11,329 25,329 45,103 
Db 7,534 24,840 51,392 85,402 
Chemicalsc 
А++а 0 0 0 0 
A+ 318 881 1,599 2,397 
A 97 356 799 1,376 
B 45 21 —48 —134 
B+ 13 77 196 352 
B 114 265 399 504 
C+ 37 112 221 375 
C 170 481 821 1,145 


Scenario 


Keeping Customers 


t=1 t=2 t=3 t=4 
(€) (€) (€) (€) 

30,275 81,064 145,605 219,035 
5,828 20,443 43,999 75,338 
4,277 9,936 16,167 22,786 
573 988 803 ~204 
6,155 19,106 38,632 64,004 
6,447 17,103 30,306 44,848 
614 2,034 4,216 7,027 
11,073 24,488 35,673 42,456 
5,501 18,253 38,149 64,306 
3,289 9,261 17,443 27,421 
9,955 26,771 48,010 71,815 
3,679 6,991 7,463 3,766 
214 478 737 982 
78 204 349 500 
714 2,022 3,809 6,021 
110 421 984 1,840 
740 1,992 3,569 5,374 
536 1,064 1,362 1,370 
565 1,654 3,197 5,158 
11,069 27,613 44,427 57,078 
14,394 30,205 43,275 53,080 
10,407 21,430 30,335 36,806 
18,228 41,523 64,151 84,321 
18,399 40,238 59,359 74,424 
33,827 73,547 108,485 136,219 
0 0 0 0 
0 0 0 0 
0 0 0 0 
164 430 752 1,094 
188 504 892 1,307 
25 81 159 239 
16 85 178 274 
51 159 301 453 
25 49 84 129 
36 146 322 537 
53 144 267 406 


aThe best segment 15 excluded from further promotion 


>The switching probabilities to the next worse segment are already zero 


сіп units of 1000 


Notes Each cell denotes the change in customer equity when ameliorating the switching probabilities in this particular segment only For each 
period, the bold cell entries capture the four segments with the highest increase in customer equity 


“promoting-customers” scenario, the probability of switch- 
ing to the next higher segment increases by 1%, whereas the 
probability of staying in the current segment decreases by 
the same amount. In the "keeping-customers" scenario, the 
company manages to increase the probability of remaining 
ш the current segment and, 1n turn, to reduce the probability 
of switching to a less valuable segment by 1% We assume 
that all other switching probabilities are constant in both 
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scenarios and that there are no costs of changing the switch- 
ing probability 

The resultant change in customer equity 1s provided for 
one, two, three, and four periods Each cell in Table 8 
denotes the change 1n customer equity when changing the 
corresponding switching probability in this particular seg- 
ment Table 8 highlights the four segments in which a 
change 1п the probability of switching has the greatest profit 
impact 


The results show that both the promoting-customers and 
the keeping-customers strategies have a substantial profit 
impact However, neither defensive nor offensive portfolio 
management has a greater profit impact on customer equity 
m general The relative appropriateness of offensive versus 
defensive management varies from segment to segment 

For bottom-tier segments, offensive strategies tend to 
have a greater umpact on customer value than defensive 
strategies (Table 8) This can be mainly attributed to a floor 
effect—that 1s, bottom-tier customers are already at the 
lowest profit level, maintaming them at this level ıs only 
slightly better than losing them completely Improving seg- 
ment membership of bottom-tier customers (1e, the value 
component of risk) can effect a more substantial umprove- 
ment This finding ıs in Ime with the proposition of Johnson 
and Selnes (2004) that, for bottom-tier customers, there 
should be relatively high probabilities of acquiring new cus- 
tomers from competition and turning them into bottom-tier 
or middle-tier customers (making offensive risk manage- 
ment relatively more effective) However, the same should 
hold for customers who leave to competition (making 
defensive risk management relatively less effective) 

The opposite trend can be observed for middle-tier seg- 
ments There, defensive strategies lead to higher 1ncreases 
in customer equity than offensive ones Miuddle-tier cus- 
tomers already provide mentionable profit, so maintaining 
them should be sufficient Indeed, from a static perspective, 
middle-tier customers are among the segments that con- 
tribute the most to customer equity in all firms considered 
in this study (Table 3) 

For top-tier customer segments, offensive and defensive 
strategies pay off almost equally There are two reasons for 
this phenomenon First, a ceiling effect makes ıt more diffi- 
cult to develop segments that are already highly profitable 
into more valuable segments (probability component of 
risk) (see Jap and Anderson 2007, Johnson and Selnes 
2004) Second, the differences 1n value among the top seg- 
ments 1n our analysis are great, so the migration of a single 
customer to the next better segment has a high profit 1mpact 
(value component of risk) 

To summarize, the increase in portfolio value as a result 
of offensive versus defensive management of dynamics 1s 
contingent on the customer segment considered There 1s a 
tendency to believe that promoting customers 1s better for 
top-tier and bottom-tier customers, whereas retaining cus- 
tomers tends to have the greatest impact on middle seg- 
ments (Table 8) When investing 1n top-tier customers, cus- 
tomer relationship managers should not neglect middle-tier 
segments In the cases we considered 1n this article, there 1s 
a trend that shows that without the acquisition of new cus- 
tomers, the customer base polarizes top-tier and bottom- 
tier segments increase in number, whereas the share of 
middle-tier customers declines over time Furthermore, 
A++ customers do not automatically contribute the most to 
customer equity In all data sets, middle-tier segments are 
among the three most important segments (Table 3) The 
simulations support this finding Customer equity can be 
increased substantially by preventing middle-tier customers 
from dropping to bottom-tier segments and by promoting 


the switch of bottom-tier customers to miuddle-tier 
segments 


Issue 3: Predictors of Dynamics of a Customer’s 
Position in the Portfolio 


Using observable data available to the firm, we identified 
predictors of present customer value through regression 
trees (Table 2) Across all firms, the results show that 
mainly transaction characteristics—in particular, specific 
product usage data—differentiate among segments of dif- 
ferent present customer value An obvious implication for 
customer portfolio management 1s to regularly monitor the 
critical predictors of present customer value For the bank, 
for example, critical variables to monitor are the volume of 
self-managed depots, which differentiates A customers, and 
the possession and volume of a current account, which dif- 
ferentiates many customer segments (e g , A versus B+ cus- 
tomers, B+ versus C customers, D+ versus D customers, 
see Table 3) However, these predictors of present customer 
value remain static 

In managing dynamics in the customer portfolio, it 1s 
necessary to determine what distinguishes switching from 
stable customers 1n a particular segment More precisely, to 
predict the switching behavior 1п the customer portfolio on 
a more detailed level, we need to identify present character- 
istics that distinguish future switching customers from 
stable customers We used the SAS Enterprise Miner 5 2 
segment profile node, a tree-based method, to identify 
indicators of future development in present customer 
characteristics 3 

In contrast to the predictors of present customer value, 
which are mostly transaction characteristics related to spe- 
cific product usage (eg, the volume of a specific depot 
[bank], the connection seconds to specific distances 
[telecommunications], see Table 2), predictors of a future 
segment change are customer characteristics and general 
(1e, aggregate) transaction characteristics With regard to 
customer characteristics, the main indicator for the пок of 
switching segments in the next period for the bank 1s 
income (from A+ to A++ customers) For the pharmaceuti- 
cal company, the field of activity (A to C+ customers, B+ to 
A+ customers, D+ to C+ customers), the number of patients 
(A+ to B+ customers, B+ to A+ customers, D to C+ cus- 
tomers), and the year of practice formation (A+ to B+ cus- 
tomers, B+ to A customers) indicate future switching For 
the chemical company, the industry subsegments are an 
important indicator of future segment change (A+ to C, А+ 
to B+, А+ to A, A to В++, A to В, B++ to B, B+ to B, B+ to 
С++, B to B++, В to C+, C++ to С, C+ to C) With regard 
to general transaction charactenstics, the customer’s share 
of wallet and cross-buying behavior are the main indicators 
for dynamics 1n segment membership (see Du, Kamakura, 


3The segment profile node computes a tree with the binary tar- 
get variable of switching/not switching to a specific segment to 
identify the characteristics that significantly distinguish switching 
customers from customers who stay in the segment Alternatively, 
a discriminant analysis or paired t-tests on average values can be 
applied 
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and Mela 2007) For the telecommunications firm, the main 
indicator 1s the volume of carrier preselection (A++ to A 
customers, B to C customers, B+ to C customers, and C+ to 
C customers) For the pharmaceutical firm, the share of 
wallet (B to A, B+ to A+, D to C+) and the share of generic 
drugs (A to C+, B to A) indicate future customer switching 
Indicators for the future development of the chemical com- 
pany’s customers are cross-buying measures the number of 
product groups (A+ to C, A+ to B, A+ to A, B+ to A, B to 
B++, C++ to B+) and product lines (C++ to B, C++ to C+) 

In comparing the variables differentiating between seg- 
ments of different customer value on a static basis and the 
variables indicating future change in value, we find guide- 
lines as to which customer data may act as indicators from a 
static and dynamic perspective To explain present customer 
profitability (from a static point of view), researchers and 
practitioners should rely on transaction characteristics 
Transaction characteristics differentiate between segments 
of different values better than customer characteristics 
because actual purchase behavior 1s most closely related to 
profitability In particular, specific product usage 1nforma- 
tion explains why customer segments differ 1n their present 
contribution to the firm This result justifies the dominant 
use of transactional data in CLV modeling 

However, from a dynamic point of view—specifically, 
for predicting changes 1n customer profitability—the орро- 
site holds Customer characteristics are relevant and distin- 
guish unstable subsegments from stable ones as opposed to 
specific product usage In addition, our results show that a 
change in global (not specific) product usage variables 
anticipates a change in value in the next period (Vogel, 
Evanschitzky, and Ramaseshan 2008) A present decrease 
(increase) ın share of wallet and cross-buying characterizes 
customers who switch to a worse (better) segment in the 
next period (Du, Kamakura, and Mela 2007) Note that 
these indicators for switching between segments ш the 
future hold for both directions of dynamics—that 1s, switch- 
ing up and switching down 

Thus, customers do not decrease (increase) in value 
suddenly There are indicators for their development 11 cus- 
tomer characteristics and 1n their overall transaction 1nten- 
sity Our results imply that firms can use these characteris- 
tics to actively target customers who are likely to switch up 
or down 


General Discussion 


Implications 


The objective of this article 18 to provide implications for 
key neglected issues in dynamic customer portfolio man- 
agement by drawing on a sound empirical and analytical 
foundation As a tool for dynamic customer portfolio analy- 
518, we proposed an extension of Markov approaches to 
CLV modeling to capture customer dynamics between seg- 
ments of different value We applied the tool to longitudinal 
data from four industries, ın business-to-consumer and 
business-to-business contexts Building on the results of the 
empirical analysis, we discussed implications for key issues 
in the dynamic management of customer portfolios From a 
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research perspective, this study makes the following con- 
ceptual and methodological contributions 

From a conceptual perspective, this study contributes to 
the field of customer portfolio management—an issue that 
has received scant attention in academic research (Rust and 
Chung 2006) Following Johnson and Selnes (2004, p 15), 
this article aims to “open the eyes of the marketing commu- 
nity to focus more on accumulated value creation of a cus- 
tomer portfolio, not on the value created 1n single relation- 
ships” (see also Gupta et al 2006) First, we show that 
patterns of dynamics in the customer portfolio exist that 
affect the expected value a customer segment contributes to 
the firm over time A static approach to customer portfolio 
management leads to an erroneous prioritization of cus- 
tomer segments 

Second, managing customer portfolio dynamics 1s a 
more general issue than prioritizing top customer segments 
(Homburg, Droll, and Totzek 2008) We show that firms can 
increase customer equity essentially by strengthening mud- 
dle segments—that 1s, increasing the probability of lower 
segments to switch to middle segments through offensive 
strategies and keeping middle segments from deteriorating 
By considering customers who switch to segments of both 
higher and lower values, we extended prior work that 
focuses on enhancing relationships (Johnson and Selnes 
2004) and churn (Lemmens and Croux 2006) 

Third, an analysis of the characteristics between switch- 
ing and stable customers provides insights into which cus- 
tomers to target Rather than drawing on specific product- 
usage data for identifying predictors of present customer 
value, our analysis shows that future switching of customers 
between segments of different values is indicated by 
customer characteristics and general transaction character- 
istics, such as share of wallet (Du, Kamakura, and Mela 
2007) Building on prior research on psychological causes 
of customer switching, we used observable customer char- 
acteristics and transactional data to predict dynamics 1n the 
customer portfolio 

Our study also contributes to the dynamic customer 
portfolio analysis from a methodological perspective Furst, 
we respond to the call for more consideration of data- 
mining techniques in marketing—namely, when modeling 
customer value by presenting an analytic tool that combines 
the advantages of both econometric and computer science 
models (Gupta et al 2006, Gupta, Lehmann, and Stuart 
2004) Our analysis shows that a segmentation based on 
regression trees outperforms that of cluster analysis as a 
basis for CLV modeling Thus, our analyses provides sup- 
port for Shankar and Winer’s (2006, p 2) observation of a 
“natural fit between [customer relationship management] 
and data mining” In particular, the predictors of present 
customer value and customer segments are identified 
through an entirely data-driven procedure using regression 
trees The most important predictors of present customer 
value were identified from a long list of possible input 
variables based on longitudinal customer data from four 
industries with up to 300,000 customers and 61 variables 
With the increasing availability of customer data, relating 
data-mining techniques to CLV models would benefit from 
more attention 


Second, our study represents the first broad empirical 
application of a Markov approach to CLV modeling 
Though moderate in complexity, a model comparison 
shows that the suggested Markov model outperforms the 
common extrapolation of past value and autoregressive 
models with respect to its ability to predict the future value 
of customer segments When estimating future value, the 
consideration of a general switching behavior between seg- 
ments improves prognosis This ıs especially important for 
firms with volatile customers and for business-to-business 
firms, which typically segment their customers on the basis 
of past value Thus, method matters in terms of predicting 
customer churn (Neslin et al 2006) and CLV 


Limitations and Further Research 


This study is also subject to several limitations that could 
stimulate further research Furst, only four to five periods of 
panel data were avatlable to identify a switching pattern 
between customer segments It would be worthwhile to 
investigate the appropriateness of a Markov approach to 
model the value of customer segments across additional 
periods An analysis including more periods of data could 
show whether the switching patterns we found here hold for 
a long-term perspective More extensive time-series data 
would also allow for the relaxation of some underlying 
assumptions of our Markov model A basic assumption of 
the Markov matrix 1s its stationary nature In a second-order 
Markov model, switching probabilities would depend on 
the present state of the customer and also on his or her pre- 
vious state In this way, temporal effects could be included 
in the model Unfortunately, the data sets were too small to 
reasonably calibrate such a model 

Second, the goal of our study was to develop an analytic 
tool supporting customer portfolio management that could 
be implemented 1n various industries However, we consid- 
ered only one company from each industry Thus, the 1den- 
tified customer segmentations are company specific This 
affects the discussion of the predictors of present value and 
future value dynamics A comparison of the results for 
different companies within an industry could determine 
whether implications hold for competitors as well or 
whether there are industry-specific (or general) switching 
patterns and industry-specific (or general) predictors of pre- 
sent customer value The availability of comparable data 
would be a major challenge 

Third, this study considered segment-based switching 
probabilities to provide implications for customer portfolio 
management at a reasonable degree of complexity For 
firms with customer segments that are too heterogeneous, 
however, individual-level switching probabilities could be 


more appropriate and could be identified (e g , using multi- 
nomial regression) This might lead to a more precise pre- 
diction of future value 1n these cases but would also render 
the description of how customer value 1s created more diffi- 
cult and would hinder the development of an at-a-glance 
management tool 

Fourth, we show how improvements in the switching 
probabilities of single customer segments affect customer 
equity Our simulations are based on the assumption that the 
structure of the Markov matrix remains stable (1 e , all other 
switching probabilities) when we change one particular 
switching probability This assumption 1s subject to the 
Lucas critique that prechange parameter estimates are prob- 
lematic when evaluating the impact of a policy change (е р, 
Van Heerde, Dekimpe, and Putsis 2005) In addition, we 
conducted our simulations without considering the costs of 
particular marketing actions Our focus was on the relative 
appropriateness of offensive versus defensive management 
of particular segment dynamics However, because costs for 
changing switching probabilities should be different for 
serving customers of different segments (Johnson and 
Selnes 2004), our results do not allow for assessing the gen- 
eral appropriateness of offensive versus defensive manage- 
ment of segment dynamics 1n customer portfolios Thus, it 
would be a worthwhile extension of our study to include 
reaction coefficients to specific marketing actions to further 
talor campaigns The challenge for such a study would be 
the gathering of marketing action variables Though leaders 
in their industries, the compamies participating in this study 
could not fulfill this requirement because they were just 
beginning to track single marketing action data at the cus- 
tomer level However, note that Тиепт and colleagues 
(2007) show that considering marketing actions does not 
lead to a higher model fit than a state-driven Markov 
approach as we suggest Our simulation approach also 
should be extended by including cost information with 
respect to particular marketing activities and customer 
accounts Thus, when applying our approach to particular 
firms, managers need to consider costs of influencing 
switching probabilities 1n conjunction with the analysis 

On a general level, this study provides a fruitful avenue 
for research ш the underresearched field of customer port- 
folio management, especially the development and етрш- 
cal application of analytic models to capture customer value 
dynamics Most models 1n customer portfolio management 
are heuristic approaches The availability of extensive cus- 
tomer data in more industries 1s opening the door for the 
implementation of analytic approaches Our analysis serves 
as a starting point 
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Effects of Word-of-Mouth Versus 
Traditional Marketing: Findings from 
an Internet Social Networking Site 


The authors study the effect of word-of-mouth (WOM) marketing on member growth at an Internet social networking 
site and compare it with traditional marketing vehicles Because social network sites record the electronic invitations 
from existing members, outbound WOM can be precisely tracked Along with traditional marketing, WOM can then 
be linked to the number of new members subsequently joining the site (sign-ups) Because of the endogeneity 
among WOM, new sign-ups, and traditional marketing activity, the authors employ a vector autoregressive (VAR) 
modeling approach Estimates from the VAR model show that WOM referrals have substantially longer carryover 
effects than traditional marketing actions and produce substantially higher response elasticities Based on revenue 
from advertising impressions served to a new member, the monetary value of a WOM referral can be calculated, 
this yields an upper-bound estimate for the financial incentives the firm might offer to stimulate WOM 
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ord-of-mouth (WOM) marketing has recently regarding the relative effectiveness of WOM marketing in 
Мү: a great deal of attention among practi- increasing firm performance over time This raises the need 

tioners For example, several books tout WOM as to study how firms can measure the effects of WOM com- 
a viable alternative to traditional marketing communication munications and how WOM compares with other forms of 
tools One calls it the world’s most effective, yet least marketing communication 
understood marketing strategy (Misner 1999) Marketers Word-of-mouth marketing 1s a particularly prominent 
are particularly interested in better understanding WOM feature on the Internet The Internet provides numerous 
because traditional forms of communication appear to be venues for consumers to share their views, preferences, or 
losing effectiveness (Nail 2005) For example, one survey experiences with others, as well as opportunities for firms 
shows that consumer attitudes toward advertising plum- to take advantage of WOM marketing As one commentator 
meted between September 2002 and June 2004 Nail (2005) stated, “Instead of tossing away mullions of dollars on 
reports that 40% fewer people agree that advertisements are Superbowl advertisements, fledgling dot-com companies 
a good way to learn about new products, 59% fewer people are trying to catch attention through much cheaper market- 
report that they buy products because of their advertise- ing strategies such as blogging and [WOM] campaigns” 
ments, and 49% fewer people find that advertisements are (Whitman 2006, р ВЗА) Thus, it ıs important to under- 
entertaining stand whether WOM 15 truly effective and, if so, how its 

Word-of-mouth communication strategies are appealing impact compares with traditional marketing activities 

because they combine the prospect of overcoming con- One of the fastest-growing arenas of the World Wide 
sumer resistance with significantly lower costs and fast Web 1s the space of so-called social networking sites A 
delivery—especially through technology, such as the Inter- social networking site 18 typically initiated by a small group 
net Unfortunately, empirical evidence ıs currently scant of founders who send out 1nvitations to join the site to the 


members of their own personal networks In turn, new 
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1ncorporate both the direct effects and the indirect effects of 
WOM and traditional marketing actions (е g , a marketing 
action increases WOM activity, which 1n turn 1ncreases new 
member acquisition) We empirically demonstrate, for our 
data set, the endogeneity among new member sign-ups and 
these marketing variables This highlights the need to 
account for these indirect effects to avoid biased estimates 
for both WOM and traditional marketing effects Third, we 
quantify and contrast the 1mmediate and long-term elas- 
ticities of WOM and traditional marketing actions In par- 
ticular, we document strong carryover effects for WOM ın 
our data Finally, we attach an estimated monetary value to 
each WOM referral, providing an upper bound to the finan- 
cial incentive management might consider offering for 
WOM referrals Indeed, the practice of seeding or stimulat- 
ing WOM has grown rapidly, but quantifying the effective- 
ness of this activity remains difficult (e g , Godes and May- 
zlin 2004) 

We organize the remainder of this article as follows We 
begin by summarizing previous research to help put our 
contributions 1п perspective We then describe our modeling 
approach Next, we present our empirical analysis of the 
data from a collaborating Internet social networking site 
and offer implications for theory and managers In particu- 
lar, we find that WOM referrals strongly affect new cus- 
tomer acquisitions and have significantly longer carryover 
than traditional forms of marketing used by the firm (21 
days versus 3 to 7 days) We estimate a long-term elasticity 
for WOM of 53—approximately 20-30 times higher than 
the elasticities for traditional marketing 


Research Background 


To help put the intended contribution of this study 1n con- 
text, we briefly review previous empirical research on the 
effectiveness of WOM marketing In Table 1, we present a 
comparison chart of selected prior work As the table 
shows, researchers have used a variety of means to capture, 
infer, or measure WOM The table also outlines findings for 
the effect of WOM on customer acquisition, comparisons 
with traditional marketing, and incorporation of indirect 
effects 

The earliest study on the effectiveness of WOM 1s sur- 
vey based (Katz and Lazarsfeld 1955) and was followed by 
more than 70 marketing studies, most of them also inferring 
WOM from self-reports 1n surveys (Godes and Mayzlin 
2004, Money, Gilly, and Graham 1998) Researchers have 
examined the conditions under which consumers are likely 
to rely on others’ opinions to make a purchase decision, the 
motivations for different people to spread the word about a 
product, and the variation in strength of people’s influence 
on their peers in WOM communications Moreover, cus- 
tomers who self-report being acquired through WOM add 
more long-term value to the firm than customers acquired 
through traditional marketing channels (Villanueva, Yoo, 
and Hanssens 2008) 

Social contagion models (eg, Coleman et al 1966) 
offer an alternative perspective, typically inferring WOM/ 
network effects from adoption behavior over time Although 
a social contagion interpretation of diffusion patterns 1s 


intuitively appealing, recent studies have pointed out that 
such inferences can be due to misattribution For example, 
when Van den Bulte and Lilien (2001) reestimated Coleman 
and colleagues' (1966) social contagion model for physi- 
cian adoption of tetracycline, they found that the contagion 
effects disappeared when marketing actions were included 
1n the model This raises the question whether WOM effects 
would have been significant 1n the model had there been 
data available on the actual transmission of information 
from one physician to another 

Both of these research approaches do not observe actual 
WOM but infer 1t from self-reports or adoption Examining 
WOM on the Internet can help address this limitation by 
offering an easy way to track online interactions Godes and 
Mayzlin (2004) suggest that online conversations (е 5, 
Usenet posts) can offer an easy and cost-effective way to 
measure WOM In an application to new television shows, 
they link the volume and dispersion of conversations across 
different Usenet groups to offline show ratings Chevalier 
and Mayzlin (2006) use book reviews posted by customers 
at Amazon com and Barnesandnoble com online stores as a 
proxy for WOM They find that though most reviews were 
positive, an improvement in a book's reviews led to an 
increase in relative sales at the site, and the impact of a 
negative review was greater than the impact of a positive 
one In contrast, Liu (2006) shows that both negative and 
positive WOM increase performance (box office revenue) 

Although the foregoing three studies observe the post- 
ing of reviews (1e, sending WOM), they do not directly 
observe the reception of WOM In contrast, De Bruyn and 
Lilien (2008) observe the reactions of 1100 reciprents after 
they received an unsolicited e-mail invitation from one of 
their acquaintances to participate 1n a survey They find that 
the characteristics of the social tie influenced recipients’ 
behaviors but had varied effects at different stages of the 
decision-making process They also report that tie strength 
exclusively facilitated awareness, perceptual affinity trig- 
gered recipients’ interest, and demographic simularity had a 
negative influence on each stage of the decision-making 
process However, this study does not compare the effec- 
tiveness of WOM with that of traditional marketing actions, 
nor does it quantify the monetary value of WOM to the 
company 

The current article differs from these studies 1n both 
research objective and application A key research objective 
in this study 1s to compare the effects of observed WOM 
referrals with those of traditional marketing efforts Quanti- 
fying the full effects of WOM referrals and marketing 
requires us (1) to account for the potential endogeneity 
among these communication mechanisms and (2) to 
account for their potential permanent effects on customer 
acquisition First, WOM may be endogenous because it not 
only influences new customer acquisition but also ıs itself 
affected by the number of new customers Likewise, tradi- 
tional marketing activities may stimulate WOM, they 
should be credited for this indirect effect and the possible 
direct effect on customer acquisition Second, all these 
communication mechanisms may have permanent effects 
on customer acquisition For example, WOM may be 
passed along beyond its originally intended audience and 
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Comparison of Empirical Studies on the Effectiveness of WOM 


TABLE 1 





Initial (Katz and 
Lazarsfeld 1955) and 
most studies 


Customer lifetime value 
(Villanueva, Yoo, and 
Hanssens 2008) 


Social contagion 
(Coleman, Katz, and 
Menzel 1966, Van 
den Bulte and Lilien 
2001) 


Determinants of WOM 
transmissions 
(Stephen and 
Lehmann 2008) 


Valence of online WOM 
(Chevalier and 
Mayzlin 2006, Liu 
2006) 


Impact of social ties on 
WOM effect (De 
Bruyn and Lilien 
2008) 


This article 


WOM Inference 


Self-report from 
surveys 


Inferred from new 
customer's self-report 


Inferred from adoption 


Directly person’s 
decision to transmit 
МОМ пп experimental 
setting 


Inferred from Web 
site posts and 
reviews 


Directly though 
e-mails sent 


Directly through 
referrals sent 


Effect of WOM on 


Comparison with 


Indirect Effects 
of WOM and/or 


Customer Acquisition Traditional Marketing Traditional Marketing 


Inferred from self- 
reports on relative 
influence 


Not analyzed 


Difficult to attribute 
observed contagion 
to WOM versus 
traditional marketing 


Expected 
responsiveness of 
WOM recipient drives 
transmitter's decision 
to pass WOM 


Higher number of 
reviews leads to 
higher relative sales 


Social tie effects 
depend on stage of 
decision making 


Quantify direct and 
indirect effects of 
WOM and marketing 


WOM two times more 
effective than radio 
advertisements, four 
times more than 
personal selling, 
seven times more 
than print 
advertisements 


Customers acquired 
through WOM add 
two times the lifetime 
value of customers 
acquired through 
traditional marketing 


Contagion effects 
disappear when 
traditional marketing 
effects are included in 
the model 


None 


None 


None 


Compare immediate 
and carryover effects 
of WOM and 
traditional marketing 


Not analyzed 


Customers acquired 
through WOM spread 
more WOM and bring 
in twice as many new 
customers 


Not analyzed 


Not analyzed 


Not analyzed 


Not analyzed 


Demonstrate indirect 
effects and quantify 
total monetary value of 
WOM activity 


thus increase the site's potential to recruit sign-ups in the 
future 1 Network externalities can also imply that sign-up 
gains today may translate 1nto higher sign-up gains tomor- 
row, even 1n the absence of marketing actions 


Internet Social Networking Sites 
In the past few years, social networking sites have become 
extremely popular on the Internet. According to comScore 
Media Metrix (2006), every second Internet user in the 
United States has visited at least one of the top 15 social 
networking sites Approximately 50 social networking Web 
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sites each have more than one million registered users, and 
several dozen smaller, though significant, sites also exist 
(е g , Wikipedia 2008) Compete com (2008), a Web traffic 
analysis company, reported that the largest online social 
networking site (as of November 2008) was MySpace, with 
56 million unique visitors per month, closely followed by 
Facebook, with 49 million unique visitors 

Typical social networking sites allow a user to build and 
maintain a network of fnends for social or professional 
interaction. The core of a social networking site consists of 
personalized user profiles Individual profiles are usually a 
combination of users’ 1mages (or avatars), lists of interests 
and music, book, and movie preferences, and links to affili- 
ated profiles (“frends”) Different sites impose different 
levels of privacy 1n terms of what information 1s revealed 


through profile pages to nonaffiliated visitors and how far 
“strangers” versus “friends” can traverse through the net- 
work of a profile’s friends Profile holders acquire new 
friends by browsing and searching through the site and 
sending requests to be added as a friend Other forms of 
relationship formation also exist 

In contrast to other Internet businesses, online commu- 
nities rely on user-generated content to retain users Thus, а 
community member has a direct benefit from bringing ш 
more friends (е g , by participating 1n the referral program) 
because each new member creates new content, which 15 
likely to be of value to the inviting (referring) party Typi- 
cally, sites facilitate referrals by offering users a convenient 
interface for sending invitations to nonmembers to join 
Figure 1 shows how a popular social networking site, 
Friendster, implements the referral process 

The social network setting offers an appealing context 
ш which to study WOM The sites provide easy-to-use tools 
for current users to invite others to join the network The 
electronic recording of these outbound referrals opens a 
new window into the effects of WOM, giving researchers an 
unobtrusive trace of this often difficult-to-study activity 
When combined with data that also track new member sign- 
ups, 1t becomes possible to model the dynamic relationship 
between this form of WOM and the addition of new mem- 
bers to the social networking site In a real sense, these 
members are also *customers" of the social networking site 
insofar as their exposure to advertising while using the site 
produces revenue for the firm 

Our empirical application to an Internet social network- 
ing site provides a set of substantive findings based on 
actual consumer WOM activity In previously analyzed set- 
tings, such as movies and television shows, the Internet 
gives a partial view of 1nterpersonal communication. For 
some product categories though, the vast majority of WOM 
may transfer online For online communites, the electronic 
form of “spreading the word" 1s the most natural one This 


FIGURE 1 
Referrals Process at Friendster.com 
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leads us to suggest that online МОМ 1s a good proxy for 
overall WOM 1n our Internet social network setting 


Modeling Approach 

In this section, we describe our approach to modeling the 
effects of WOM and traditional marketing on new member 
sign-ups Furst, we test for the potential endogeneity among 
WOM, marketing, and new customer acquisition and for the 
potential permanent effects of these communication mecha- 
nisms Second, we specify a vector autoregressive (VAR) 
model that accounts for endogeneity and the dynamic 
response and interactions between marketing variables and 
outcomes (Dekumpe and Hanssens 1999) Next, we com- 
pare the 1n-sample and out-of-sample fit of the VAR model 
with several alternative models Finally, we estimate the 
short-term and long-term responses of sign-ups to WOM 
and traditional marketing actions and compute the corre- 
sponding elasticities Although we describe our approach in 
the context of WOM referrals and social networking, the 
procedure should be applicable on a more general basis 
(eg, when data on new customers, tracked WOM, and 
other marketing activity are available over tıme) 

The first step in our approach 1s to test for the presence 
of endogeneity among new sign-ups (our measure of cus- 
tomer acquisition), event marketing (directly paid for by the 
social networking site), media appearances (induced by 
public relations), and WOM referrals As Figure 2 shows, 
we anticipate that WOM referrals lead to new sign-ups and 
(following the reverse arrow) that new sign-ups lead to 
more WOM referrals and, thus, indirectly to more new sign- 
ups We anticipate a similar pattern of causality for new 
sign-ups and traditional marketing activity It 1s also likely 
that traditional marketing will stimulate WOM referrals, 
leading to another indirect effect on new sign-ups We also 
include lagged effects of traditional marketing, new sign- 
ups, and WOM referrals 1n the model (as the curved arrows 
indicate) 

The links represented 1n Figure 2 can be tested by inves- 
tigating which variables Granger-cause other variables 
(Granger 1969, Hanssens, Parsons, and Schultz 2001) In 
essence, Granger causality implies that knowing the history 
of a variable X helps explain a variable Y, beyond Y's own 


FIGURE 2 
Modeling Framework 
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history This “temporal causality” 1s the closest proxy for 
causality that can be gained from studying the time series of 
the variables (1e , ın the absence of manipulating causality 
in controlled experiments) We perform a зепез of Granger- 
causality tests on each pair of key variables 2 If sign-ups 
indeed Granger-cause (some of) the marketing variables, 
we need to capture the complex interactions of Figure 2 in a 
full dynamic system 

Next, we test for the potential of permanent effects of 
the communication mechanisms on new sign-ups If any of 
these mechanisms expand the intended site audience or 
induce network externalities, sign-up gains today imply 
higher sign-up gains tomorrow In this case, the time series 
for sign-ups would be classified as "evolving " The opposite 
classification, that of “stationary,” implies that sign-ups 
have a fixed mean and that changes (including those caused 
by marketing actions) do not have a permanent impact (е g , 
Dekimpe and Hanssens 1995, 1999) (The Appendix pro- 
vides details on testing for evolution versus stationarity of 
new sign-ups ) 

Tests for both endogeneity and evolution enable us to 
specify the VAR model ın Equation 1 In this model, new 
sign-ups and marketing actions are endogenous—that 15, 
they are explained by their own past and the past of the 
other endogenous variables (Dekimpe and Hanssens 1999) 
Specifically, the vector of endogenous variables—sign-ups 
(Y), WOM referrals (X), media appearances (M), and pro- 
motional events (E)—1s related to 115 own past, which 
allows for complex dynamic interactions among these 
variables The vectors of exogenous variables include for 
each endogenous variable (1) an intercept, C, (2) a 
determimistic-trend variable, T, to capture the прасі of 
omitted, gradually changing variables, (3) indicators for 
days of the week, D, and (4) seasonal (e g, holidays) 
dummy vanables, H (Pauwels and Dans 2001) Instanta- 
neous effects are captured by the уапапсе-соуапапсе 
matrix of the residuals, X The VAR specification is given 
by 
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X C 6 Y 
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2A wrong choice for the number of lags in the test may erro- 
neously conclude the absence of Granger causality (e g , Hanssens 
1980) Because we are applying these tests to investigate the need 
for modeling a full dynamic system, we are not interested in 
whether variable X causes variable Y at a specific lag but rather 
in whether we can rule out that X Granger-causes Y at any lag 
Therefore, we run the causality tests for lags up to 20 and report 
the results for the lag that has the highest significance for Granger 
causality 
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where t indexes days, J equals the number of lags included 
(to be determined on the basis of the Akaike information 
criterion), D 1s the vector of day-of-week dummies, and e, 
are white-noise disturbances distributed as МО, X) The 
parameters б, 0, у, and ф are to be estimated Because VAR 
model parameters are not interpretable on their own (Sims 
1980), effect sizes and significance are determined through 
the analysis of impulse response functions (IRFs) and elas- 
ticities computed on the basis of the model (for details, see 
the Appendix) 

The last step of the approach uses the model to estimate 
the short-term and long-term elasticities of customer acqui- 
sition to WOM and traditional marketing actions From 
these results, several managerial implications can be drawn 
We also show how the model can be used to estimate the 
potential monetary value of each WOM referral (described 
further 1n the Appendix) 


Empirical Analysis 


Data Description 
We applied our model to data from one of the major social 
networking sites, which prefers to remain anonymous The 
data set contains 36 weeks of the daily number of sign-ups 
and referrals (provided to us by the company) along with 
marketing events and media activity (obtained from third- 
party sources) The data cover the period in 2005 from Feb- 
ruary 1 to October 16 Table 2 provides descriptive statistics 
for the variables 

During the observation period, the daily sign-ups and 
WOM referrals showed a positive trend We observed some- 
what lower activity 1n referrals over the summer season 
(June 20-September 5 [Labor Day, as observed in the 
United States]) Over the 36 weeks, the company organized 
or cosponsored 101 promotion events On some days, mul- 
tiple events occurred in different locations. Overall, 86 days 
in the observation period had some promotion event activ- 
ity Finally, we identified 236 appearances (on 127 days) of 
the company name in the media We considered 102 differ- 
ent sources, both electronic and traditional media, as рго- 
vided by Factiva News and Business Information Service 
(www factiva com) We did not use the content of these 
publications, which makes our measure of media activity 
somewhat coarse More generally, ıt could be important to 
account for the valence of the message (е 2 , Godes and 
Mayzlin [2004] report for television shows) Given the rela- 
tively young age of the company, we had no reason to 


TABLE 2 
Descriptive Statistics (Daily Data) 
Maxi- Mini- 
M Мап mum mum SD 
Sign-ups 1136 1130 1189 1086 29 
WOM referrals 1137 1142 1209 1053 38 
Media 92 0 8 0 134 
Events 39 0 4 0 64 


aThe figures reflect a linear transformation of the original daily data 
to preserve the anonymity of the collaborating site Actual data 
were used in the econometric analyses 


believe that a significant share of the media reports would 
have a negative tone We removed a few negative “suspects” 
from the sample, as judged by the title of the publication, 
but found no significant impact on the results In summary, 
the number of media appearances 1s a useful measure for 
our research purpose 


Test Results for Evolution and Endogeneity 


We begin our empirical analysis by first testing for station- 
arity versus evolution 1n each time series The unit-root tests 
indicated trend stationarity in all seres (16e, all series 
appeared to be stationary after we controlled for a determin- 
istic trend) This indicates that model estimations can be 
performed with all variables in levels (as we depict in 
Equation 1) 

To investigate whether endogeneity 1s present among 
the variables, we conducted Granger-causality tests We 
summarize the results 1n Table 3 Each cell gives the mini- 
mum p-value obtained from the causality tests as conducted 
from 1 lag to 20 lags 

The results clearly show that endogeneity 1s present 
among the variables 1n our data As we expected, Granger 
causality 1s detected for WOM referrals, media, and events 
on sign-ups (the direct effects) In addition, Granger causal- 
ity 1s found for many of the other рашпеѕ For example, 
sign-ups Granger-cause WOM referrals (the interdependent 
effect we noted previously), events (indicating management 
performance feedback, see Dekimpe and Hanssens 1999), 
and media (indicating that spikes in sign-ups may receive 
media attention) Moreover, events Granger-cause media 
(indicating that media covers events), and media Granger- 
cause events (indicating that management may try to time 
events to match pending media coverage) However, WOM 
referrals do not Granger-cause events or media appearances 
(because the media do not observe referrals directly), and 
media appearances do not Granger-cause WOM In sum- 
mary, the results from the Granger-causality tests indicate 
the need to consider the full dynamic system, as in a VAR 
model, and to account for the indirect effects of marketing 
actions 


Model Estimation 


We estimated the VAR model of Equation 1 with two lags 
(the optimal lag length selected by the Akaike information 
criterion) and found good model fit (e g , R2 = 89) We also 


TABLE 3 
Results of the Granger Causality Tests (Minimum 
p-Values Across 20 Lags) 


Dependent 

Variable Is 

Granger- Sign- МОМ 

Caused by Ups Referrals Media Events 
Sign-ups — 02a 00 00 
WOM referrals 00 — 22 08 
Media 00 58 — 02 
Events 02 00 01 — 


aWOM referrals are Granger-caused by sign-ups at the 02 signifi- 
cance level 


assessed the significance of including WOM and the tradi- 
tional marketing variables for events and media in the 
model at the same time This 1s intended to address Van den 
Bulte and Lilien's (2001) concern about the significance of 
WOM when marketing variables are incorporated In par- 
ticular, we estimated two VAR models nested 1n Equation 1 
In the first, we estimated the model without the WOM 
variable In the second, we estimated the model without 
events and media In both cases, the full model provided 
superior fit 1n-sample and out-of-sample based on both root 
mean square error (RMSE) and mean absolute deviation 
(MAD) Thus, WOM and traditional marketing remain sig- 
nificant contributors to model fit 

To illustrate the ability of the VAR system model to rep- 
resent the data, we plot predicted versus actual values of 
daily sign-ups and display this in Figure 3 The predicted 
values (labeled VAR) closely track the actual number of 
sign-ups 


Short-Term and Long-Term Effects for WOM and 
Traditional Marketing Actions 


To gauge the impact of WOM and the two traditional mar- 
keting variables on new sign-ups over time, we compute 
IRFs on the basis of the estimated VAR system parameters 
(for details, see the Appendix) The IRFs trace the incre- 
mental effect of a one-standard-deviation shock in WOM, 
events, and media on the future values of sign-ups These 
enable us to examine the carryover effects of each activity 
on sign-ups while fully accounting for the indirect effects of 
these activities in a dynamic system Figure 4 plots the three 
IRFs for the effect of WOM referrals, media, and events on 
new sign-ups over time 

The top panel 1n Figure 4 shows that the WOM effect on 
sign-ups remains significantly different from zero for 
approximately three weeks In contrast, the effects of media 
and events (the middle and bottom panels of Figure 4) lose 
significance within just а few days Compared with tradi- 
tional marketing activities, the WOM referrals induce both 


FIGURE 3 
Model Fit: Tracking Plot 
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Notes The y-axis values reflect a linear transformation used to dis- 
guise the identity of the source 
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FIGURE 4 
IRFs: Response of Sign-Ups to Shock in 
Referrals, Media, and Promotional Events 
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a larger short-term response and a substantially longer 
carryover effect These results highlight the need for 
researchers to employ models that can also account for the 
longer-term effects of WOM marketing 

We also calculate several short-term elasticities and a 
long-term elasticity for WOM, events, and media (Details 
on the computations appear in the Appendix ) Table 4 pre- 
sents these estimated short- (one day, three days, and seven 
days) and long-term elasticities 

The immediate (one day) elasticity of WOM ( 068) 15 
8 5 times higher than that of traditional marketing actions 
(008) Moreover, this discrepancy grows over time Indeed, 
the long-term elasticity indicates that WOM referrals are 
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TABLE 4 
Short-Term Versus Long-Term Elasticity of Sign- 
Ups with Respect to WOM Referrals and 
Marketing Activities 


One Three Seven Long- 

Day Days Days Term 
WOM referrals 068 171 330 532 
Media 008 017 017 017 
Events 008 022 026 026 





akin to the “gift that keeps on giving,” especially compared 
with the performance of traditional marketing activities 
Table 4 shows that the long-term elasticity of WOM refer- 
rals ( 53) 1s approximately 20 times higher than the elastic- 
ity for marketing events (53 versus 026) and 30 times 
higher than the elasticity for media appearances ( 53 versus 
017) The estimated WOM elasticity of 53 substantially 
exceeds the range of values for advertising elasticities 
reported in the literature (e g , Hanssens, Parsons, and 
Schultz 2001) Thus, our empirical findings support the 
notion that WOM may be among the most effective market- 
1ng communication strategies 


Comparison with Alternative Models 


We compare the 1n-sample and out-of-sample fit of the VAR 
model with five alternative models (for details and specifi- 
cations of each model [Equations A1—A5], see the Appen- 
dix) 3 First, an autoregressive (AR) model captures the 
immediate effects of marketing actions on sign-ups and the 
dynamic effect of past sign-ups on current sign-ups Sec- 
ond, an autoregressive-distributed lag (ARDL) model adds 
dynamic effect of each communication mechanisms, with- 
out accounting for endogeneity and indirect effects among 
these mechanisms Third, social contagion models (e g , the 
Bass diffusion model) allow for several dynamic processes 
in the growth of online communities We estimate versions 
both with and without marketing covariates Finally, the 
effects of WOM and marketing уапаЫеѕ could vary over 
the period of our data Thus, a fifth model incorporates 
time-varying coefficients 1n a state-space specification 
Table 5 compares the 1n-sample and out-of-sample fit of 
each model ın terms of RMSE and MAD Both in-sample 
and out-of-sample, the VAR model produces the lowest val- 
ues for RMSE and МАР, indicating superior fit to the data 


Implications for Marketing Theory 


Our investigation of WOM 1n an Internet social network 
setting offers several potential contributions for advancing 
the field’s knowledge and understanding of WOM effects 
First, the electronic tracking of WOM, along with new 
member sign-ups, enables us to provide a concrete and 
measurable link between observed WOM activity and cus- 
tomer acquisition This bodes well for future efforts to 
quantify WOM effects and to incorporate them into the 
planning of marketing communication strategies 


3We thank the guest editor and reviewers for suggesting alterna- 
tive models and the comparison tests 


TABLE 5 
In-Sample and Out-of-Sample Performance for Alternative Models 





VAR AR 

In-Sample RMSE 687 731 
MAD 457 525 
Out-of-Sample RMSE 1 302 1 630 
MAD 1 051 1 384 


A second set of theoretical implications comes from the 
dynamic performance of WOM marketing Note that the 
strong carryover effects of WOM are the key factor driving 
its high long-term elasticity in our data Notably, when esti- 
mated from standard regression models (the AR and ARDL 
models in the Appendix), the direct WOM elasticity 18 close 
to the average advertising elasticity of 10 to 20 (eg, 
Hanssens, Parsons, and Schultz 2001) Accounting for 
carryover by the VAR system model produces a long-term 
elasticity that 1s several times higher Our results provide 
further 1mpetus for models of advertising to go beyond 
investigating the direct effects of advertising to incorporate 
a variety of potential 1ndirect benefits, such as increasing 
retailer support (eg, Reibstein and Farris 1995) and 
1nvestor awareness (e g , Joshi and Hanssens 2006) 

Third, our findings highlight the importance of account- 
ing for the indirect effects among WOM, traditional market- 
ing actions, and performance Conceptually, we illustrate 
this in Figure 2 Empirically, the Granger-causality tests 
indicated the presence of significant indirect and feedback 
effects in our data Taken together with the superior fit pro- 
vided by the VAR model compared with other approaches, 
the findings demonstrate the importance of handling the 
endogeneity that ıs likely to be present with WOM Our 
framework and model also enable traditional marketing 
actions to be credited for therr WOM-generating abilities To 
the extent that modeling WOM alters estimated effect sizes 
for traditional marketing activities, the productivity of those 
activities could change, with potentially umportant 1mpli- 
cations for budgeting and resource allocation decisions 4 

Though still a relatively new phenomenon, online social 
networking sites have begun to attract the attention of mar- 
keting scholars For example, Ansari, Koenigsberg, and 
Stahl (2008) have developed an approach for modeling mul- 
tiple relationships of different types among users of a social 
networking site Dholakia, Bagozzi, and Pearo (2004) study 
two key group-level determinants of virtual community par- 


4Van den Bulte and Lilien (2001) raise the question whether 
WOM effects are significant after marketing actions are accounted 
for їп a contagion model To investigate this further, we estimated 
two additional VAR models In the first, we dropped the traditional 
marketing variables, media and events, leaving all else unchanged 
In the second, we dropped WOM In both cases, we found no 
material change 1n the estimated elasticity values for WOM or 
media and events Although the Granger-causality tests indicated 
that indirect effects were present, at least for our data, the ultimate 
elasticities we obtained did not substantially differ Part of this 
may also be due to a greater robustness of VAR model estimates to 
omitted variables 


Base Bass with Varying 
ARDL Bass Covariates Coefficients 
714 784 747 692 
521 544 529 472 
1454 1 563 1 525 1 681 
1 182 1217 1207 1427 


ticipation group norms and social identity Kozinets (2002) 
has developed a new approach to collecting and interpreting 
data obtained from consumers’ discussions in online 
forums Trusov, Bodapati, and Bucklin (2008) propose a 
model that enables managers to determine which users are 
likely to be influential and, therefore, 1mportant to the busi- 
ness for their role in attracting others to the site Our 
research contributes to this emerging area of study by eluci- 
dating the role of WOM 1n the recruiting of new members 
and the growth of these social networks 


Managerial Implications 


Managers should be able to make use of our research in 
several ways These include obtaining improved metrics for 
both WOM and traditional marketing, testing changes ın 
online WOM referral content, and evaluating the extent to 
which financial incentives can be used to stimulate WOM 

A practical benefit from applying the proposed model 1s 
likely to come from better measures of the effects of both 
WOM and traditional marketing As we noted previously, 
the VAR model incorporates the potential endogeneity 
likely to be present with WOM, incorporates indirect effects 
among marketing variables and WOM, and allows each 
variable (WOM and traditional marketing) to have differ- 
ent—and potentially long-lasting—carryover effects The 
general result 1s a potentially different estimate of the return 
on the firm's investments 1n traditional marketing 

To examine this, we compared the elasticity estimates 
for events and media obtained from the VAR model (Table 
4) with those from the best-fiting standard regression (the 
ARDL model) The results from the standard regression 
model show neither events nor media registering significant 
short-term or long-term effects Specifically, to three deci- 
mal places, we estimate the elasticities for events and media 
at 002 and 000, respectively In the VAR model, however, 
these effects, though still relatively small, are larger and sig- 
nificant (see Table 4) 

Managers can also use our approach to test changes to 
referral content When an existing member wants to refer a 
friend to join the site (the outbound referrals we study), the 
member completes a preformatted message, which 1s then 
sent out by e-mail At many social networking sites (1nclud- 
ing the major ones, such as Facebook and MySpace), mem- 
bers have relatively little control over the content and 
format of this invitation Although there 1s room for a short 
text message, many of these are left blank The upshot 15 
that the firm 1s largely responsible for the appearance and 
content of the referral message This provides the opportu- 
nity to test and refine the message The firm could also 
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consider targeting different messages according to what 1s 
known about the referrer (е g, demographics, usage his- 
tory) Our modeling approach should be useful to managers 
in these and analogous settings as a means to gauge the 
effect of different content executions while controlling for 
other marketing activity For example, this could be done by 
estimating the model on the data for different test periods or 
target samples 

Finally, our approach may help managers answer the 
question regarding the extent to which the firm should be 
prepared to invest 1n stimulating additional WOM А grow- 
ing practice 1n both offline and online markets 1s to offer 
financial incentives to existing customers to provide WOM 
referrals (e g , Netflix has incentivized current subscribers 
to recruit new ones) Authors of several studies 1п the аса- 
demic WOM literature have also suggested that companies 
should try to create WOM communication (e g , Godes and 
Mayzlin 2004, Liu 2006, Rosen 2000) Important input for 
such a referral program would be the value WOM commu- 
nication provides to the firm This can be obtained from our 
data and model through simulation, and we describe one 
approach in the Appendix Using some assumptions about 
current advertising rates, the simulation shows that each 
outbound referral sent out 1s worth approximately $ 75 per 
year 1n increased advertising revenue By sending out ten 
referrals, each network member could bring ın approxi- 
mately $7 50 of incremental ad revenue for the site 

An important caveat to the simulation 1s that 1t does not 
account for the possible difference between the quality of 
WOM that occurs naturally and WOM stimulated by the 
firm When a company stimulates WOM activity, 1t 1s no 
longer “organic” WOM Indeed, it could be called "fertil- 
ized” WOM We do not know whether fertilized WOM 
would produce the same elasticity as the organic WOM 
observed ın our data If the paid nature of WOM activity 15 
known to prospective members, fertilized WOM may be 
substantially less effective than organic WOM In this 
respect, our monetary value calculations represent an upper 
bound of the money that could be generated by stimulating 
WOM 

Nonetheless, managers can use figures derived from this 
type of approach as an upper bound when contemplating 
the offer of financial incentives for WOM For example, if 
the firm cannot effectively generate additional referrals at 
less than $ 75 each, it should not pursue firm-stimulated 
WOM programs 


Conclusion 


The purpose of this study was to 1ncrease the understanding 
of the effects of WOM marketing by taking advantage of 
new, detailed tracking information made possible by the 
Internet Using data from an online social networking site, 
we quantify the effect of WOM referrals, which are 
recorded electronically, on new member sign-ups to the 
site (1 e , customer acquisitions) We also compare the effect 
of WOM with traditional marketing activity and examine 15 
carryover dynamics This permits us to speak to the relative 
effectiveness of WOM both in the short run and 1n the long 
run 
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We find that WOM referrals have a strong impact on 
new customer acquisition. The long-term elasticity of sign- 
ups with respect to WOM 1s estimated to be 53 (substan- 
tially larger than the average advertising elasticities 
reported in the literature) The elasticity for WOM 1s 
approximately 20 times higher than that for marketing 
events and 30 tumes that of media appearances In addition, 
an important feature of the proposed modeling approach 1s 
the ability to handle the endogeneity and indirect effects 
among WOM, marketing activity, and customer acquisition 

Our work has several important implications for practic- 
ing managers Our approach offers managers a tool to 
improve the metrics they use for assessing the effectiveness 
of traditional marketing when WOM effects are present We 
also conducted a simulation analysis to illustrate the poten- 
tial monetary implications from inducing additional WOM 
by offering financial incentives to existing customers 

We should also note the limitations to our research Our 
data come from one large soctal networking site, cover a 
period of less than one year, and are at the aggregate level 
Thus, data limitations prevent us from analyzing the effects 
of WOM for—and marketing actions by—competing sites 
Though unfortunate, this 18 common to this type of 
company-specific data set Because our data set tracks new 
sign-ups and WOM at the aggregate level, another limita- 
tion 1s that we are unable to model heterogeneity Therefore, 
we do not address segmentation in WOM response or 
potential differences 1n wear-out or saturation effects at the 
individual level In addition, site members attracted 1n dif- 
ferent ways (1 е, through WOM, events, or media appear- 
ances) could differ in visit frequency and pages viewed, 
thus yielding different revenue benefits to the site (Vil- 
lanueva, Yoo, and Hanssens 2008) Because we lacked such 
individual-level data, we could not make this distinction in 
our revenue calculations 

Another data-related limitation to our work 1s that the 
stationary nature of this company's sign-up series means 
that none of the changes to sign-ups (including those caused 
by WOM and other marketing actions) have a permanent 
impact This 1s consistent with marketing effect findings for 
large, established brands across industries (e g , Nys et al 
2001, Srinivasan et al. 2004) but not with those for smaller 
brands (Slotegraaf and Pauwels 2008) In light of our 
description of how social networking sites start out (with a 
crucial mix of user-generated content and WOM of 
founders to friends), sign-up growth/evolution for small 
sites may be driven by network externalities (more user- 
generated content makes membership more valuable) and 
WOM transmission beyond the initial audience of the 
founders’ friends Moreover, smaller social networks may 
not have sufficient funding to engage 1n traditional market- 
ing events and therefore must focus on cost-effective 
options, such as blogging and WOM campaigns (Whitman 
2006) Thus, our estimates of WOM elasticities for an 
established site are likely to be conservative for smaller 
sites In general, further research 1s needed to determine 
whether our substantive findings generalize to other compa- 
nies and settings Our results are consistent with the spirit 
of the results that East and colleagues (2005) report, ш a 
review of 23 service categories, they find that WOM had 


greater reported impact on brand choice than advertising or 
personal search 

Finally, our model 1s in a reduced as opposed to struc- 
tural form This implies that the long-term 1mpact calcula- 
tions are subject to the assumption that the basic data- 
generating process does not change This 1s appropriate for 
“mnovation accounting"—that 1s, identifying and quantify- 
ing the effects of WOM and traditional marketing on sign- 
ups in the data sample (Franses 2005, Van Heerde, 
Dekimpe, and Putsis 2005) However, the modeling 
approach 1s not suited for revealing structural aspects of 
subscriber and company behavior 

In summary, our goal was to shed new light on the true 
effectiveness of WOM marketing—a vital but still poorly 
understood element of the marketing communications mix 
(Misner 1999) We do this by quantifying the dynamic per- 
formance effects of WOM 1n an Internet social network set- 
ting—a setting that offers researchers and managers a direct 
way to observe this phenomenon Thus, we are among the 
first to link WOM to new customer acquisition. Our elastic- 
1ty results add further evidence to the view that WOM com- 
munication 1s a critical factor for firms seeking to acquire 
new customers and that WOM can have larger and longer- 
lasting effects than traditional marketing activity 


Appendix 


Testing for Evolution or Stationarity: Unit-Root 
Tests 


We perform unit-root tests to determine whether each of the 
variables 1n our data set 1s stable (1e , fluctuate temporarily 
around a fixed mean or trend) versus evolving (1e, can 
deviate permanently from previous levels) We use both the 
augmented Dickey—Fuller test procedure that Enders (1995) 
recommends and Kwiatkowski and colleagues’ (1992) test 


AR and ARDL Models 


The AR specification 1n Equation А1 relates sign-ups to 
events, media, and WOM and controls for deterministic 
components, such as a base level (constant), a deterministic 
(tume) trend, seasonality, and lags of the dependent variable 
(е g , Box and Jenkins 1970) 
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Equation А1 includes the same variables as Equation 1, and 
J 1s the number of lags of the dependent variable (thus, the 
term "autoregressive") needed to ensure that the residuals £, 
are white-noise errors (no residual autocorrelation) We also 
check whether the interaction effects were significant, but 
we did not find any 

Equation A1 directly models only the 1mmediate effects 
of marketing actions on sign-ups Although this immediate 
effect may carry over to future periods through the AR 


parameters, the model assumes that such carryover does not 
depend on the marketing action that caused the immediate 
gain ın sign-ups To include dynamic effects specific to the 
marketing action, we can add lags of the marketing 
variables, obtaining the following ARDL model (eg, 
Hanssens, Parsons, and Schultz 2001) 5 
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where L, M, and N are the number of lags for the predictor 
variables WOM referrals, number of media appearances, 
and number of promotional events variables, respectively 


Social Contagion Model (Bass Diffusion Model) 


Social contagion models (e g, the Bass diffusion model) 
allow for several dynamic processes 1n the growth of online 
communities and have recently been applied to this setting 
(eg, Firth, Lawrence, and Clouse 2006) An important 
issue 1s that stable and robust parameter estimates for the 
Bass model are obtained only if the data include the peak 
for the noncumulative adoption curve, which 1s difficult to 
assess а prior (Heeler and Hustad 1980, Smnivasan and 
Mason 1986) To address this problem, we assist the Bass 
model by using information about the number of site mem- 
bers observed in the time since the detailed original data 
were collected (specifically, two years later) We also 
ensure that the selected value for m (market capacity) pro- 
vides the best possible model fit to the 1n-sample data The 
Bass mode] and extended Bass model are both estimated 
with nonlinear least squares (e 2, Srinivasan and Mason 
1986) 

Our specification for the social contagion model follows 
the Bass diffusion model but also includes indicators for 
day of week and the summer holiday 


6 
Z- 
(A3) у, =(т-2,_ Dx (qo У та *0H,, 


1=1 


where 


t = day index, 
m = number of eventual members (market capacity), 
p = coefficient of innovation (external influence), 
q = coefficient of imitation (internal influence 
[WOM]), 
Y, 2 number of sign-ups (new members), 
7, = cumulative number of adopters (new members) at 
time t, 
d, = indicators for days of the week (using Епдау as 
the benchmark), 


5Our use of the term “dynamic” refers to the carryover effects 
that a change in one variable has on other variables over time This 
differs from a model m which parameters themselves change over 
time, as we detail subsequently 
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Н = holiday indicator (summer vacation), and ү аге 
parameters to be estimated 


We extend this social contagion model by augmenting 
Equation A3 with the marketing variables for media appear- 
ances and promotional events This gives the following 
2 1 

m 





(A4) х,ад, (рна +В,М, 


6 
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where 


M, = number of media appearances, 
E, = number of promotional events, and D, 5, ув, and 
0 are parameters to be estimated 


Varying Coefficients Model 


If the effects of WOM and marketing variables could vary 
over time, a logical alternative to the VAR model 15 a state- 
space specification with time-varying coefficients (eg, 
Dekimpe et al 2006, Kao and Allenby 2005) This gives 
where the coefficients for WOM and marketing variables 
become time varying 


6 
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1=1 


where the coefficients for WOM and marketing variables 
become time varying and Bj. 4, $, 7)_ and Ө are parame- 
ters to be estimated We estimate this model using Kalman 
filter recursions (Harvey 1991) 


In-Sample and Out-of-Sample Fit Analysis for 
Model Comparison 


For the six models 1n Equations 1 and А1–А5, we perform 
an 1n-sample and out-of-sample fit analysis We use the sta- 
tic forecasting technique for the out-of-sample analysis, 
treating both exogenous and any lagged endogenous 
variables as observed for every observation 1n the holdout 
This “one-step-ahead” forecasting procedure 1s common 1n 
model comparison because it makes use of the same infor- 
mation set across competing models We reserved the last 
two months of the data (61 observations) for a holdout test 
and reestimated all models on the first 197 daily observa- 
tions (approximately 6 5 months) For each model, we com- 
puted two fit statistics—RMSE апі MAD—for both the 
in-sample data (197 observations) and the holdout data (61 
observations) 


IRFs and Elasticities 


Because it 1s infeasible to interpret estimated VAR model 
coefficients directly (Sims 1980), researchers use the esti- 
mated coefficients to calculate IRFs The IRF simulates the 
over-time impact of a change (over its baseline) to one 
variable on the full dynamic system and represents the net 
result of all modeled actions and reactions (see Pauwels 
2004) With regard to identification, we adopt the general- 
ized IRF (e, simultaneous-shocking approach, Pesaran 
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and Shin 1998) This uses information in the residual 
variance—covariance matrix of the VAR model instead of 
requiring the researcher to impose a causal ordering among 
the endogenous variables (Dekimpe and Hanssens 1999) 
We use IRFs to disentangle the short- and long-term effects 
of WOM and traditional marketing on sign-ups Consistent 
with the VAR literature (Pesaran, Pierse, and Lee 1993, 
Sims and Zha 1999), we use |tyaluel < 1 to assess whether 
each 1mpulse-response value 1s significantly different from 
zero This also follows the tradition of VAR-related research 
in marketing (Pauwels, Hanssens, and Siddarth 2002, 
Pauwels et al 2004) 

We translate IRFs into elasticities as follows First, the 
IRF analysis yields the total change 1n number of sign-ups, 
AY, 1n response to a one-standard-deviation shock to, for 
example, WOM referrals Second, using our data, we calcu- 
late the standard deviation for WOM referrals (ox) and 
mean values for sign-ups (Y) and WOM referrals (X) 
Finally, we calculate the arc elasticity 

AY X 


=— x= 
a ox Y 
Note that this 1s a standard elasticity formula, except that 
Ox 1s substituted for AX This follows because бу 1s the 
change in X used to generate the IRF 


Simulation to Obtain the Monetary Value of WOM 


The simulation is based on the economics of online adver- 
tising standard to many social networking sites in which 
each customer acquisition translates 1nto an expected num- 
ber of future banner ad exposures We use industry averages 
for cost per thousand impressions and number of 1mpres- 
sions per user/day while making assumptions about a cus- 
tomer's projected lifetime with the firm For cost per thou- 
sand impressions, we obtained price quotes from several 
social networking sites and concluded that approximately 
$ 40 1s reasonable For impressions, the average number of 
pages viewed on a community site by a unique visitor per 
month is approximately 130 (Nielsen/NetRatings 2005) 
Assuming that the average page carries two to three adver- 
tisements, we calculate that the average user contributes 
approximately $ 13 per month or approximately $1 50 per 
year From the IRF analysis, we know that ten WOM refer- 
rals bring in an estimated five new site members over the 
course of three weeks 6 This suggests that each outbound 
referral 1s worth approximately $75 per year By sending 
out ten referrals, each network member could bring in 
approximately $7 50 to the firm Practitioners should view 
these results with caution because the measures used may 
vary In addition, other online advertising models, such as 
pay-per-click, pay-per-lead, and pay-per-sale could be ana- 
lyzed by substituting appropriate conversion rates 


SIn our data set, the ratio of daily average number of sign-ups to 
the daily average number of WOM referrals 1s close to one (Table 
2) Accordingly, the estimation of long-term marginal effect of 
WOM ( 52) appears to be not significantly different from the esti- 
mation of WOM elasticity (53) Additional details on the simula- 
tion and estimation of alternative models are available on request 
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Nikolaus Franke, Peter Keinz, & Christoph J. Steger 


Testing the Value of Customization: 
When Do Customers Really Prefer 
Products Tailored to Their 
Preferences? 


Recently, researchers have paid increasing attention to the marketing strategy of customization A key assumption 
is that customized products create higher benefits for customers than standard products because they deliver a 
closer preference fit The prerequisite for this effect is the ability to obtain precise information on what customers 
actually want But are customers able to specify their preferences that precisely? Several theoretical arguments 
raise doubts about this, implicitly challenging the value of customization The authors conduct two studies in which 
they find that products customized on the basis of expressed preferences bring about significantly higher benefits 
for customers in terms of willingness to pay, purchase intention, and attitude toward the product than standard 
products The benefit gain is higher if customers have (1) better insight into their own preferences, (2) a better ability 
to express their preferences, and (3) greater product involvement This suggests that customization has the 
potential to be a powerful marketing strategy if these conditions are met In the opposite case, firms willing to serve 
heterogeneous customer preferences need to adapt their customization systems in such a way that they explicitly 
address the customers’ inability to provide valid preference information 


Keywords mass customization, self-design, toolkits for user innovation and design, heterogeneous preferences, 


segmentation 


from customized products and the factors that affect the 

magnitude of the benefits achieved In recent years, 
researchers and practitioners have paid increasing attention 
to the marketing strategy of customization (e g , Dellaert 
and Stremersch 2005, Gilmore and Pine 2000, Kotha 1995, 
Syam, Ruan, and Hess 2005, Varki and Rust 1998) These 
efforts have been driven by both the supply side and the 
demand side There 1s a constantly increasing supply of 
technology that facilitates customization The production 
costs for individualized offerings are declining (Duray et al 
2000, Kahn 1998, Peppers and Rogers 1997), and the Inter- 
net has led to a decline ın the costs of communication with 
customers (Ansari and Mela 2003, Sheth, Sisodia, and 


|: this article, we measure the benefits customers derive 
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Sharma 2000) Research has also found ways to reduce the 
customer effort required (Alba et al 1997, Diehl, Kornish, 
and Lynch 2003, Randall, Terwiesch, and Ulrich 2005, 
2007) At the same time, the customers’ demand for cus- 
tomized products has increased, and customer preferences 
have become increasingly heterogeneous mn many markets 
(Gilmore and Pine 1997, Smith 1956) Scholars and practi- 
tioners alike have high expectations regarding the promise 
of customization (Ansari and Mela 2003, Sheth and Sisodia 
1999) As Simonson (2005, p 42) notes, “It has been 
assumed 1п recent years that the age-old practice of target- 
ing market segments 1s dominated and will be displaced by 
individual marketing ” 

However, some scholars have questioned the merits of 
customization because it requires extensive customer par- 
ticipation (е 2, Fang 2008, Huffman and Kahn 1998, 
Simonson 2005, Zipkin 2001) Spectacular failures in cus- 
tomuzation, such as Levi Strauss’s “Original Spin” jeans 
and Mattel’s “My Design Barbie” (see Franke and Piller 
2004), appear to support these doubts Moreover, customers 
sometimes prefer the default configurations provided by the 
producer and fail to recognize the opportunities offered 
(Hull 2003) 

Delivering positive value to the customer 1s a prerequi- 
site for the long-term success of any customization strategy 
Therefore, several scholars have begun to analyze the bene- 
fits customization strategies create for customers However, 
empirical findings have yielded mixed results Franke and 
Piller (2004), Schreier (2006), and Franke and Schreier 
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(2008, 2009) compare students’ willingness to pay (WTP) 
for both standard and customized products in different 
low-price consumer goods categories and find a higher WTP 
for the customized products Schoder and colleagues (2006) 
measure consumer acceptance of traditional and customized 
newspapers using conjoint analysis and conclude that 
people prefer customized newspapers but are not willing to 
pay more for them than for traditional ones, thus question- 
ing the benefits of customization The stimuli provided ın 
that study were relatively abstract (operationalized as verbal 
stimuli “regular newspaper” versus “personalized news- 
paper") Bardakci and Whutelock (2004) investigate con- 
sumer agreement or disagreement with statements related to 
the benefits and disadvantages of customized cars The 
results show that though people seem to be interested 1n 
customized products, only 58% of the participants claimed 
to be willing to pay a slight premium for a customized car 
Again, "customization" was only given as an abstract repre- 
sentation, meaning that the participants did not actually 
experience customized products, which casts doubt on the 
validity of the findings 

These conflicting findings call for further systematic 
analysis of the benefits created by customization compared 
with other strategies and of the conditions under which 
those benefits take effect When possible, 1t would appear 
useful to employ controlled experiments and actual prod- 
ucts as experimental stimuli to overcome the limitations of 
abstract stimuli To permit general conclusions, a broad and 
representative sample is required because special-interest or 
convenience samples might differ from the mass consumer 
market ın important aspects 

In thus research project, we attempt to take this next step 
by empirically analyzing the benefits of customization 
(compared with segmentation and mass marketing) and the 
variables that moderate these benefits For this purpose, we 
conducted two studies Study 1 1s an experiment with а rep- 
resentative sample of 1589 participants in which we simu- 
lated the three different strategies of customization, seg- 
mentation, and mass marketing and then measured the 
customers’ resulting subjective benefit attributions We 
selected the product category of newspapers because the 
strategy of customization 1s currently being discussed in 
this area (Schoder et al 2006) We find that newspapers 
individualized on the basis of stated customer preferences 
generate significantly higher benefits for customers in terms 
of WTP, purchase intention, and attitude toward the prod- 
uct We also find that the magnitude of such benefits 
increases in line with the person's insight into his or her 
own preferences and ability to express them 

Study 2 aims to complement this research by enhancing 
the validity and generalizability of Study 1 For this pur- 
pose, we used a different methodology, comprising a sur- 
vey, latent construct measurement, and structural equation 
modeling Again, we used a representative sample (1039 
participants) In addition to replicating the analysis in the 
newspaper market, we tested our hypotheses 1n four diverse 
product categories fountain pens, kitchens, skis, and cere- 
als The findings in the newspaper market are simular to 
Study 1, thus validating our findings In the other product 
fields, we also find that customization results ın 1ncreased 
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benefits for customers Again, the magnitude of the benefits 
created 1s affected by the person's insight into his or her 
preferences and ability to express them Moreover, we find 
that product involvement affects the benefits obtained from 
customization in these five product categories 


Research Hypotheses 


The Benefits of Customized Products 


It 15 a straightforward economic argument that a closer fit 
between preferences and product attributes brings about 
increased benefits for the customer (see Simonson 2005) 
The crux of the matter is that true customer preferences 
may differ from expressed preferences on the basis of 
which the product 1s customized As with any measurement 
task, the companies’ measurement of customer preferences 
1s likely to contain a true component and an error term or 
random component (Morrison and Silva-Risso 1995) To 
ensure valid measurement, a customer must be aware of his 
or her preferences and must be able to express them 
(Simonson 2005) However, consumer preferences are often 
poorly defined Research on consumer decision making (see 
Bettman, Luce, and Payne 1998, Fischhoff 1991, Slovic 
1995, Yoon and Simonson 2008) suggests that preferences 
are often constructed on the basis of how the options are 
framed when the consumer needs to make a decision. Given 
the nearly 1nfinite solution spaces of even simple mass cus- 
tomization configurators, Huffman and Kahn (1998) warn 
that the preferences consumers construct when faced with 
the challenge of defining a product are almost certainly a 
local optimum, if not an almost random choice, the authors 
use the term “mass confusion" for such futile mass cus- 
tomization endeavors Thus, it 1s not easy to transfer 
“sticky” customer preference information from a customer 
to a producing company (Morrison, Roberts, and Von Hip- 
pel 2000, Von Hippel 1994) On the whole, the relevant lit- 
erature indicates that the measurement of an individual cus- 
tomer’s preferences might contain a large error term 

In such a case, it 1s questionable whether customized 
products are more beneficial to customers than standard 
products (Kramer 2007) It could even be argued that in 
extreme cases, an adept segmentation strategy might yield 
higher benefits for customers than customization Segmen- 
tation involves grouping customers with similar preferences 
and then targeting them 1n the same manner If these seg- 
ments capture the true (common) component of the prefer- 
ences within the segment and eliminate random error 
through aggregation, the true component of the preferences 
is revealed In extreme cases, such a “wisdom-of-the- 
crowd” effect (Surowiecki 2004) could yield a segment- 
specific product that generates even higher benefits for cus- 
tomers within the segment than products customized on the 
basis of erroneous individual preference statements 
Kramer, Spolter-Weisfeld, and Thakkar (2007) provide evı- 
dence that there are indeed consumers who prefer products 
based on the aggregated preferences of other consumers 
over products based on their own preferences 

In summary, there are arguments against the core 
assumption of mass customization and individualization lit- 


erature—namely, that products customized on the basis of 
the preferences expressed yield benefits for customers 
Therefore, we formulate the following testable hypotheses 


Н; Products customized on the basis of measured preferences 
generate bigher benefits for customers than (a) segment- 
specific products and (b) mass-marketing products 


Н, In a more general form, the closer the fit between mea- 
sured preferences and product attributes, the higher 1s the 
resulting benefit for the customer 


When Customized Products Create Benefits 


We cannot assume that there 1s a universal pattern 1n cus- 
tomer benefits from customization Instead, the effect 
depends on specific conditional variables Simonson (2005, 
p 42) postulates that the “investigation [of responses to cus- 
tomized offers] must consider the moderating variables 
1nstead of just searching for main effects" This 1s also sup- 
ported by Von Hippel (2001, p 255), who, in the context of 
the design interface of customization systems, states that 
“the design freedom provided by user toolkits for 1nnova- 
tion may not be of interest to all or even to many users of a 
given type of product or service " 

The extant literature suggests preference insight as an 
important moderating variable As we argued, the mea- 
surement of preferences (which 1s the basis for customiza- 
tion) can be effective only 1f consumers actually have 
well-defined preferences and are sufficiently aware of 
them (Kramer 2007, Simonson 2005) Kramer (2007, p 
231) argues that “the value of personalization may be lim- 
ited when customers do not have stable preferences from 
which to derive customized offers” If consumers do not 
really know what they want, they are more inclined to con- 
struct preferences based on situational cues when asked to 
specify product requirements, which brings about a high 
error term ш their preference measurement A product соп- 
structed on the basis of this measurement 1s of less value to 
the customer than when a customer has clear insight into his 
or her preferences Furthermore, a customer with low pref- 
erence insight might also be less able to evaluate whether an 
offering truly fits his or her preferences (Kramer 2007) 
Prior research has suggested that preference insight varies 
greatly among people (Bettman, Luce, and Payne 1998, 
Chernev, Mick, and Johnson 2003), and therefore we argue 
that this variable moderates the benefits obtained from 
customization 


Н; A customer's preference insight has a positive effect on 
the benefit derived from customization 


A valid measurement of preferences requires not only 
that preference 1nformation actually exists on the customer 
side but also that the customer has the ability to reveal this 
information to the manufacturer Ројапуг5 (1983, p 136) 
famous dictum, “we know more than we can tell,” points to 
the problem that this 1s not always an easy task A wide 
body of literature has confirmed empirically that preference 
information on the customer side 1s often sticky and that 
people may have different abilities to express their prefer- 
ences to an external institution (eg, Aggarwal and 
Vaidyanathan 2003, Huber, Anely, and Fischer 2002, Mor- 
поп, Roberts, and Von Hippel 2000, Von Hippel 1994, Von 


Hippel and Katz 2002, West, Brown, and Hoch 1996) A 
person who has difficulty expressing his or her preferences 
creates a potentially high measurement error Preference 
insight and the ability to express preferences might be posi- 
tively correlated because both refer to the clarity of the pref- 
erence system However, these dimensions can also differ in 
many cases—for example, when a person’s verbal skills or 
skills 1n handling communication technology are particu- 
larly high or low (Aggarwal and Vaidyanathan 2003) 
Therefore, we postulate the following hypothesis 


H4 A customer's ability to express his or her preferences 
has a positive effect on the benefit derived from 
customization 


Even if two people have an identical level of insight into 
their preferences and an identical ability to express them to 
the manufacturer, we argue that the benefit they derive from 
customization might still be different People with high 
product involvement might put far more effort (1n terms of 
time, ambition, and cognitive effort) into the product defini- 
tion task than those with low involvement Thus, the prefer- 
ences they express might contain a smaller error term, 
which in turn results ın higher benefits from customization 
People with high product involvement might also respond 
more negatively (1e, with higher disutility) if the product 
does not fit their preferences In general, product 1nvolve- 
ment refers to the relevance of a specific product (category) 
as perceived by a customer based on his or her individual 
needs, preferences, and interests (Zaichkowsky 1985) Con- 
sumers with high product involvement tend to be portrayed 
as less willing to satisfice than consumers with low product 
involvement (е 2, Baker and Lutz 2000) As Von Hippel 
(2005, р 32) notes, “A serious mountain biker may be will- 
ing to simply buy any couch, even if he or she 1s not fully 
happy with it On the other hand, that same biker may be 
totally unwilling to compromise about getting mountain 
bike equipment that 1s precisely right for his or her specific 
needs" Accordingly, research has found that consumers 
with high involvement 1n a product category carry out more 
comparisons between different offers to ensure the best 
preference fit (Gordon, McKeage, and Fox 1998) Kaplan, 
Schoder, and Haenlein (2007) show that the higher the con- 
sumption frequency of a certain product category (which 
should correlate with the consumer’s involvement level), 
the higher 1s the intention to adopt a customized product 
Gordon, McKeage, and Fox (1998) also demonstrate that 
the relative effectiveness of customization 1s positively 
associated with product involvement Thus, we formulate a 
testable hypothesis to describe this commonly held belief 


Н; Product involvement has a positive effect on the benefit 
derived from customization 


Study 1: Simulation of Customized 
Versus Standard Products in the 
Newspaper Market 


In Study 1, we tested our five hypotheses in the newspaper 
market We chose this product category because 1t enabled 
us to employ concrete and relatively realistic experimental 
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stimuli—namely, newspapers that were actually tailored 
to the participants’ preferences (with varying proximity) 
In addition, newspapers constitute a market 1n. which 
customization 1s currently being discussed (Schoder et 
al 2006) because of highly heterogeneous customer 
preferences 

The rationale underlying this study 1s simple We simu- 
late the three strategies of customization, segmentation, and 
mass marketing and measure the resulting benefits for cus- 
tomers As a first step, we captured the participants’ prefer- 
ences with regard to a collection of 90 newspaper headlines 
In the second step, we confronted participants with the 
experimental stimuli—namely, simulated “newspapers” that 
were each composed of a small selection of 10 headlines 
(taken from the 90 headlines) in random order We then 
measured the benefits these newspapers generated for the 
participants (Figure 1) 


Experimental Groups 


We structured the sample into ten subgroups to enhance the 
robustness of our findings We first distinguish two inde- 
pendent samples (1 and 2) The difference between them 1s 
that the time between the first step (measurement of prefer- 
ences) and the second step (measurement of reactions to 
strmult) was ten days ın Sample 1, whereas the second step 
immediately followed the first (using the same question- 
naire) 1n Sample 2 

This process enabled us to analyze whether our findings 
are affected by participants’ efforts to appear consistent in 
their response behavior (a form of “on-stage effect, see 
Podsakoff et al 2003) Typically, participants tend to 
remember their preference statements for a limited time. In 
a pilot study with 25 participants, we had conducted a sur- 
prise recall test in which we asked participants to rate the 90 
headlines according to their preferences, and ten days later, 
we confronted them with their responses, with changes 1n a 
random selection of 20 headline ratings On average, par- 
ticipants were able to identify and correct only 24% of the 
modified ratings Moreover, participants erroneously identi- 
fied changes in 20% of the ratings that had not been modi- 
fied As we expected, this suggests that ten days can indeed 
provoke a substantial forgetting effect If we find similar 
support for our hypotheses 1n Samples 1 and 2, we can sur- 
mise that the effects were not only due to an on-stage effect 

We subdivided both samples into five subsamples, each 
of which received different experimental stimuli The par- 
ticipants ın the two main samples were each randomly 
assigned to one of the following subsamples 


*Participants 1n Samples 1а and 2a each received an identical 
“mass-marketing newspaper” constructed on the basis of 
Sample 1'5 preferences (for a list of the stimuli, see the next 
section) 

Participants in Samples 1b and 2b each received the one 
"segment-specific newspaper” that came closest to their ındi- 
vidual preferences and was taken from a five-segment 
solution 

Participants in Samples 1с and 2c each received the one 
“segment-specific newspaper” that came closest to their mdi- 
vidual preferences and was taken from a ten-segment 
solution 


106 / Journal of Marketing, September 2009 


Participants ın Samples 1d and 2d each received a “сиѕ- 
tomized newspaper” that matched their individual prefer- 
ences precisely 


*Participants m Samples 1e and 2e received all four of these 
stimuli in randomized order 


In all cases, the stimulus newspapers were introduced 
uniformly with the following sentences “Here are news- 
papers consisting of 10 headlines each If you compare this 
newspaper [stimulus newspaper] with the newspaper on the 
right side [the anchor stimulus—4 e , the expert newspaper, 
see next subsection], how do you like it?" We used 
between-subjects analyses ın Samples 1a-1d and 2а:-24 and 
within-subject analyses in Samples 1е-2е Between- 
subjects and within-subject analyses each have their spe- 
cific advantages and disadvantages (Maxwell and Delaney 
2004), thus, we employed both to challenge the robustness 
of our findings Overall, we employ a 2 х 2 matrix of four 
independent tests (within-subject versus between-subjects 
design and short-time versus long-time delta between pref- 
erence measurement and measurement of reaction to 
stimuli) 


Experimental Stimuli 


We constructed the stimuli on the basis of the preferences 
expressed by participants in Sample 1 As a first step, we 
asked them to rate 90 different headlines on a five-point rat- 
ing scale ranging from 1 (“I would really like to read this 
article") to 5 (“I would definitely not read this article”) We 
selected these anchors 1n accordance with the recommenda- 
tions of Kramer (2007), who notes that consumers under- 
stand their own preferences better 1f they are provided with 
a transparent elicitation task In general, the headlines m 
our study included two introductory hnes to give partici- 
pants an 1dea of each article’s subject 

The decision to use 90 headlines resulted from another 
pilot study we had conducted. We asked 45 randomly 
selected participants to read and rate a selection of head- 
lines One-third received 60 headlines, one-third 90 head- 
lines, and one-third 120 headlines Afterward, we con- 
ducted in-depth interviews to determine whether the 
respective tasks overstrained them and whether the elicita- 
tion task was clear and transparent These interviews 
revealed that the maximum number participants could read 
completely and evaluate thoroughly was 90 headlines In 
addition, ıt became clear that a multi-item measurement 
approach would require a much smaller number of head- 
lines As a result, we restricted the number of items to one 
per headline, which should yield information of the same 
validity as multiple-1tem measurement in this particular 
case of a clear question (Bergkvist and Rossiter 2007) and 
1s less time consuming and strenuous for participants to 
complete (Gardner et al 1998) The 90 headlines were ran- 
domly selected from the 4964 real articles released by the 
Austrian Press Agency ш the period between March 24 and 
March 31, 2006 The articles were from the categories of 
foreign affaus, domestic affairs, current events, culture, 
economics, science, education, media, and sports We used 
the preference information from Sample 1 to construct the 
different stimuli for Samples 1 and 2 (second step) as 
follows 


FIGURE 1 
Data Collection Process (Study 1) 
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aWTP for a newspaper assembled by experts 
Notes DV = dependent variables, РІ = purchase intention, ATT = attitude toward the product, and LCA = latent class cluster analysis 
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Mass-marketing newspaper We calculated the mean 
preference rating for each headline in Sample 1 and ranked 
the headlines on that basis The ten best-rated headlines 
constitute our mass-marketing newspaper, the one standard 
product that comes closest to the participants’ preferences 


Segment-specific newspapers Using the preference rat- 
ings as a basis, we performed market segmentation using 
latent class analysis (Green, Carmone, and Wachpress 
1976), which offers fundamental advantages over tradi- 
tional types of cluster analysis (Vermunt and Magidson 
2002, Wedel and Kamakura 2000) To determine the num- 
ber of segments, we used the Bayesian 1nformation criterion 
to compare the models until model fit stopped 1mproving 
(Schwarz 1978) Because 90 variables for segmentation 
would lead to negative degrees of freedom from 11 classes 
upward, we decided to conduct latent class analysis with a 
varied number of randomly chosen variables (20, 25, 30, 
35, and 40) To account for the possibility of local optima, 
we replicated the estimation 50 times, each with a different 
set of randomly selected variables (similar to Kamakura and 
Wedel 1995) We found that the ten-segment model outper- 
formed the other models, therefore, we used ten segments 
in our study (details on the Monte Carlo simulation are 
available on request) In addition, we calculated a five- 
segment solution because a meta-analysis of published mar- 
ket segmentation studies found that this 1s the mean number 
of segments used (Franke, Reisinger, and Hoppe 2009) The 
ten best-rated headlines ın each segment defined the respec- 
tive segment-specific newspapers—that 1s, the product that 
18 best adapted to the average preferences of each segment 
Participants 1n the subsamples who were confronted with a 
segment-specific newspaper (Samples 1b, 1c, 1e and 2b, 2c, 
2e) received only the one segment-specific newspaper that 
came closest to Ше individual preferences This assign- 
ment of participants was based on the classification results 
of the latent class analysis in Sample 1, while ın Sample 2, 
we used the squared Euclidean distance between the partici- 
pants’ (individual) preferences and each segment-specific 
newspaper (calculated from Sample 1) 


Customized newspapers For each individual partici- 
pant, we ranked the 90 headlines according to his or her 
preferences and took the ten highest-rated headlines When 
equal scores precluded an exact solution (eg, when 12 
headlines were assigned a rating of 1), we randomly 
selected the headlines from those that were tied 


Expert newspaper 'To ensure an 1dentical point of refer- 
ence for our between-subjects comparisons, we defined a 
standardized anchor For this purpose, we provided all the 
subgroups with an 1dentical newspaper that was to be rated 
by each participant before the stimulus newspaper (ın terms 
of WTP) This newspaper again consisted of ten headlines 
and was developed on the basis of an expert evaluation In a 
pilot study conducted before the experiment, we asked 23 
experts (journalists from different Austrian newspapers and 
the Austrian Press Agency) to assess the attractiveness of 
the 90 headlines to newspaper readers (which also consti- 
tuted the basis for the preference ratings of the participants 
1n the experiment) They gave their assessment on a five- 
point rating scale ranging from 1 (“A typical Austrian news- 
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paper reader would really like to read this article") to 5 (“А 
typical Austrian newspaper reader would not be interested 
in this article at all”) We selected the ten headlines that 
received the best mean ratings to constitute the “expert 
newspaper” 


Measurement 


In the first step, we measured the individual participants’ 
WTP for the expert newspaper in addition to measuring 
their preferences We also obtained data on the respondents’ 
product involvement and demographics (age, sex, income, 
household size, and education) in this step In the second 
step, we measured the individual participants’ evaluative 
reaction to each particular stimulus (Samples 1a, 1b, 1c, 1d 
and 2a, 2b, 2c, 2d) and to all stimuli (Samples 1e and 2e) 
For this purpose, we measured the participants’ WIP The 
WTP or reservation price denotes the maximum amount of 
money a participant 1s willing to pay for a given product 
and thus constitutes a hard proxy to measure the benefit 
consumers (expect to) derive from that product (e g , Hom- 
burg, Koschate, and Hoyer 2005, Voelckner 2006) To 
obtain additional indicators of consumer benefit, we also 
measured the participants’ attitude toward the stimulus 
product and their purchase intentions The expert news- 
paper was evaluated only in terms of the participants’ WTP 


WIP The literature proposes various methods of mea- 
suring WTP (Wertenbroch and Skiera 2002) In the case of 
the anchoring stimulus (the expert newspaper rated first by 
any participant), we employed a bracketing technique 
(Casey and Delquié 1995) to enhance the validity of the 
ensuing stimulus ratings We carried out a small pilot study 
(n = 30) to check whether participants would accept the 
procedure, and the results were affirmative Thus, we first 
asked participants to state their WIP for the expert news- 
paper Depending on their responses, participants were 
given a higher follow-up price (their stated price plus € 10) 
and asked whether they would also pay that sum This step 
was repeated with € 50 and then with €1, and ultimately the 
amount was doubled until the participants gave a negative 
answer Finally, we provided participants with a scroll bar 
that enabled them to adjust their final WTP ın the range 
between the last positive response and the ensuing negative 
response We measured WTP for the stimulus newspapers 
(the mass-marketing newspaper, segment-specific newspa- 
per, and customized newspaper) by providing the partici- 
pants with a scroll bar ranging from € 00 to €10 00, which 
constitutes a form of a contingent valuation method (Voel- 
ckner 2006) The (changeable) default value was the indi- 
vidual participant's WTP for the expert newspaper (the 
anchor) We carried out this elaborate procedure to obtain 
measures of WTP with maximum validity and on the basis 
of an identical reference point, but with a mmimum of 
effort on the participants’ part 

Attitude toward the product We measured participants’ 
attitude toward the product using three five-point semantic 
differential scales (the anchors were “like” versus “dislike,” 
“good” versus “bad,” and “appealing” versus “not appeal- 
ing”) adapted from the scale used by Schlosser and Shavitt 


(2002) Reliability checks show a Cronbach’s alpha of 94 
across the two samples 

Purchase intention We measured purchase intention 
using a Juster (1966) scale, an 11-point scale that measures 
1ndividual purchase probability and has been shown to pos- 
sess superior validity (Uncles and Lee 2006) To venfy 
comprehensiveness and applicability for the purposes of 
this study, we carried out a small pilot experiment (n = 25) 
with affirmative results The three benefit measures are sig- 
nificantly correlated (WTP-purchase intention r= 447, р < 
01, WTP-attitude toward the product г = 384, р < 01, 
purchase имеппоп–а иде toward the product г = 724, 
p< 01) 


Preference insight In this first study, we measured 
preference insight not by means of self-reports but on the 
basis of the participants’ actual behavior This delivered the 
clear advantage of not demanding extra effort from the 
participants because the questionnaire was relatively long 
The large body of literature on measurement errors sug- 
Bests that the less certain people feel when evaluating 
objects, the greater 1s their tendency to answer uniformly 
Depending on the specific situation, this desire for unifor- 
mity can result 1n a systematic tendency to confirm (yea- 
saying), to deny (nay-saying), or to avoid extreme answers 
(central tendency) (see Pedhazur and Schmelkin 1991) 
Thus, we measured the respondents' insight using the 
squared variance of their preference statements regarding 
the 90 headlines A pilot study (n = 29) revealed that this 
measure and preference insight modeled as a latent con- 
struct based on the three items (used 1n Study 2) showed a 
high correlation (т = 623, p « 01), 1n support of the validity 
of this measurement 


Ability to express preferences We also operationalized 
this latent construct 1n a relatively straightforward way to 
keep the questionnaire short We built on the well- 
established finding 1n social sciences that there 1s a clear 
correlation between a person's level of education and ability 
to express him- or herself (see Pascarella and Terenzim 
1991) Because the level of education 1s an ordinal measure, 
we used a dichotomous scale (1 = no college degree, and 
2 = college degree or higher) 


Product involvement We confronted participants with 
the statement “For me, a newspaper (is) " and asked them 
to complete it using a reduced version of the personal 
involvement inventory scale (see Zaichkowsky 1985), 
which consists of six five-point semantic differential scales 
measuring the subjective importance of newspapers, 
anchored with “matters” versus “doesn’t matter," “impor- 
tant” versus “unimportant,” “useless” versus “useful,” “bor- 
ing” versus “interesting,” “not needed” versus “needed,” 
and "essential" versus “nonessential” The reliability of this 
construct was high, with a Cronbach’s alpha of 93 across 
the two samples 


Questionnaire and Samples 


We obtained the data from self-admunistered online ques- 
tionnaires Two random samples were drawn from Austria's 
leading online panel (provided by MindTake New Media 


Consulting), which 1s representative of Austrian residents 
with an e-mail account For Sample 1, 7500 panel partici- 
pants were contacted (with one reminder) and asked to fill 
out the first questionnaire (Step 1) Of these, 1213 partici- 
pants answered this first questionnaire completely, for a 
response rate of 162% Comparisons of early and late 
respondents showed no significant differences, which indi- 
cates the absence of response bias (Armstrong and Overton 
1977) Ten days after the first questionnaire (and after we 
had carried out the segmentation analysis), the 1213 partici- 
pants were contacted again and asked to fill out a second 
questionnaire (Step 2) with random assignments to ехреп- 
mental stimuli, for which the participants were divided into 
Subsamples 1a, 1b, Ic, 1d, and le A total of 854 respon- 
dents from Step 1 agreed to participate, for a response rate 
of 704% in Step 2 Again, no response bias was visible 
Along with Step 2 in Sample 1, another questionnaire was 
sent to the second (independent) sample of 4116 partici- 
pants The questionnaire for Sample 2 merged the two ques- 
tionnaires from Sample 1 into a single questionnaire Imme- 
diately after the participants stated their preferences 
regarding the 90 newspaper headlines, the respective stimu- 
lus was calculated The assignment of participants to the 
various subsamples (Subsamples 2a, 2b, 2c, 2d, and 2e) was 
randomized by means of a database algorithm Тһе 
response rate was 17 9% (735 complete questionnaires with 
one reminder sent out) No response bias could be detected, 
and tests show no significant differences between the sub- 
samples 1n Sample 1 and Sample 2 


Findings 

Difference test As a first step, we compared the benefit 
generated by customized products with segment-specific 
and mass-marketing products (descriptive findings, such as 
which headlines attracted the most interest and which ones 
completely farled to do so, are available on request) 

Table 1 shows the mean WTP, purchase intention, and 
attitude toward the product for the mass-marketing newspa- 
per, the two segment-specific newspapers, and the cus- 
tomized newspaper for the between-subjects/within-subject 
analyses 1n Samples 1 and 2 and for the overall sample We 
also provide the mean WTP for the expert newspaper Tests 
for differences 1n means show a consistent and robust pat- 
tern 1n all four analyses 

We find that H, gains clear support 1n any case Regard- 
less of whether ıt 1s compared with the two segment- 
specific newspapers or with the mass-marketing newspaper, 
the customized newspaper received significantly more 
favorable ratings with regard to WTP, purchase intention, 
and attitude toward the product (As a notable side finding, 
we also discovered that the market experts were able to 
empathize with customers to some degree ) 

Dependency analysis We used pooled data for the 
dependency analysis 1 Unlike Subsamples la-ld and 2a- 
2d, the data 1n Subsamples 1e and 2e are nested (for each 


IPatterns in subsamples are weaker because of the lower varı- 
ance in the independent variable of preference fit However, they 
are still visible 
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participant, we had four observations of preference fit), and 
therefore we randomly drew one observation for each par- 
ticipant The ordinary least squares regression shows that 
the closer the fit between the preferences expressed and the 
product obtained (1 е , the higher the “extent of customiza- 
поп”), the higher 15 the benefits for customers, 1n support of 
Н, (see Table 2) 

To test H5-Hs, we used moderated regression analysis 
(Cohen et al 2003) We averaged involvement items to 
form an index (similar to Homburg and Furst 2005) and 
standardized the predictor and moderator variables by mean 
centering (Frazier, Tix, and Barron 2004) We then created 
the product terms by multiplying the centered predictor and 
moderator variables (Aiken and West 1991) 

In line with Нз and H4, we find that preference insight 
and the ability to express preferences moderate the benefits 
participants derive from customization (1e, a closer fit 
between preferences expressed and product characteristics 
obtained), regardless of whether the benefits are measured 
as WTP, purchase intention, or attitude toward the product 
(Table 2) Perhaps because preference insight and the abil- 
ity to express preferences are significantly correlated (r = 
07, p < 001), the effects diminish somewhat 1n the inclu- 
sive model However, they are still visible Only product 
involvement failed to show a significant moderator effect, 
which refutes Hs 


Discussion of Study 1 


We found that customization newspapers deliver clear bene- 
fits for a representative sample of customers because of 
improved preference fit We also found that the benefits 
from customization are affected by the person's insight into 
his or her own preferences and ability to express them We 
failed to confirm the impact of product involvement Thus, 
the question arises whether this 1s a general finding that 
requires an in-depth discussion of potential reasons or 
whether it results from the peculiarities of the method used 
or the market chosen We offer a method-related explana- 
tion Newspapers are a media product, and they essentially 
consist of information When measuring product involve- 
ment, we asked participants about the relevance of the 
physical product—printed papers people peruse in the 
morning In the other part of the experiment, we heavily 
emphasized the informational aspect of newspapers, opera- 
tionalizing newspapers as a bundle of ten pieces of informa- 
tion (the headlines) Given the many ways information can 
be obtained—for example, on the Internet—it may well be 
that a person 1s highly interested in new information but at 
the same time reports а low level of involvement in (physi- 
cal) newspapers Therefore, we hypothesize that the lack of 
support for Н; 1n the newspaper market may be due to our 
operationalization Our second study 1s intended to shed 
more light on this particular issue 

In general, the findings are based on four independent 
data sets (within-subject versus between-subjects design 
and short-time versus long-time delta between preference 
measurement and the measurement of reaction to stimuli) 
This constitutes a relatively rigorous analysis scheme, and 
we obtained almost 1dentical patterns 1n the four settings, 


thus providing robust support for our hypotheses on the 
benefits of customization 

The setting of our study required some simplifications 
Our stimuli (the simulated newspapers) consisted of only 10 
headlines taken from a set of 90 This appeared necessary to 
ensure that the task remained manageable for participants 
In reality, most newspapers consist of approximately 100- 
300 articles, and the pool of possible news items 1s also 
considerably larger (eg, the Austrian Press Agency 
releases approximately 600 articles, the German Press 
Agency releases approximately 800, the Associated Press 
releases approximately 20 million words of news per day) 
In addition, our stimuli did not include other content, such 
as advertisements, weather forecasts, or movie schedules, 
which might also be of value to consumers (Sonnac 2000) 
However, these simplifications lend our findings a con- 
servative nature because there 1s little room for customiza- 
tion to exhibit its specific strengths within the heavily 
restricted setting of our study Given heterogeneous prefer- 
ences, participants can individualize only when there is a 
sufficiently large solution space We conjecture that the 
benefits would be even more substantial 1f the experiment’s 
solution space came closer to real life 

Another aspect worth discussing 1s that we provided 
each participant in the subsamples with the optimum seg- 
ment—that 1s, the segment that we knew came closest to his 
or her preferences (assuming these preferences did not 
change) Again, this is unrealistic because some assign- 
ments of customers to segments would be erroneous in real 
life This can be regarded as a “subsidy” to the segmenta- 
tion strategy and lends even more credibility to our finding 
that customized products generate higher benefits for cus- 
tomers than segment-specific products 

A research design such as ours involves the concrete 
risk of on-stage effects (Podsakoff et al 2003) Participants 
were first asked about their level of interest in the 90 head- 
lines, then, they were asked to evaluate simulated news- 
papers comprising selections of the headlines they had pre- 
viously rated It 1s possible that at least some participants 
were motivated by the desire to appear consistent and thus 
tried to adjust their evaluations to match their previous 
answers We reduced this problem by making 1t impossible 
to return to the headline evaluations after they had been 
entered Theoretically, participants could have kept some of 
ег answers in mind Therefore, we drew two samples 
with different periods between the measurement of prefer- 
ences and the measurement of reactions to stimuli If the 
desire to appear consistent played a role at all, the effects 1n 
Sample 2 should be clearer than in Sample 1 However, the 
patterns in the findings are nearly 1dentical 1n both samples, 
suggesting that on-stage effects are unlikely to have 
affected our findings 

A more critical aspect of this study 1s the operationali- 
zation of "preference insight” and “ability to express prefer- 
ences" Although both variables can be considered latent 
constructs, we employed a relatively simple measurement 
The length of the questionnaire precluded a more detailed 
operationalization This raises questions regarding the 
extent to which the findings with regard to moderating 
effects hold when a different measurement is used 
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Moreover, the generalizability of our findings 1s a weak 
point in this study Newspapers are frequently purchased, 
low-cost products with a large number of potential variants 
They are hedonic (rather than utilitarian) products that are 
consumed in private (Knox and Walker 2001) The question 
anses whether our findings also hold for products that sys- 
tematically differ from newspapers Therefore, we con- 
ducted a second study to complement the results of Study 1 


Study 2: Generalization Across 


Other Markets 


The rationale underlying Study 2 1s different from that of 
Study 1 We confronted each participant with two stimuli a 
standard product in the relevant product category and a 
(simulated) customization configurator that would enable 
the participant to tailor the respective product to his or her 
specific preferences Then, we measured the delta of benefit 
each participant associated with the two products and his or 
her resulting WTP as dependent variables This means that 
a demand artifact (Sawyer 1975) might be present ın Study 
2, that 1s, participants might ın part react to their interpreta- 
tion of the experiment's purpose 2 Unlike in Study 1, раг- 
ticipants could be distracted from the purpose of the study 
only to a certain degree, and the design of the study does 
not allow for a time delta, which would provoke forgetting 
effects We discuss the implications of the potential demand 
artifact 1n the “Methodological Limitations” section 

The independent variables measured subsequently were 
“preference insight," “ability to express preferences,” and 
“product involvement,” each of which we measured as a 
latent construct The study was conducted independently in 
the product categories of fountain pens, kitchens, skis, and 
breakfast cereals These products differ in terms of price 
level, hedonic value, and privacy of consumption We also 
repeated the analysis ш the newspaper category to deter- 
mine the extent to which the different methods used in 
Studies 1 and 2 result 1n similar findings and 1n how far a 
different measurement of product involvement alters our 
findings with regard to H5 


Experimental Stimuli 


Standard product In the case of newspapers, we defined 
the standard product 1n the same way as in Study 1, that 1s, 
we asked experts to determine headlines that were most 
appealing to newspaper readers from a new set of 90 ran- 
domly selected headlines In the other product categories, 
we selected one standard market product from a set of five 
popular offerings that we collected with the help of market 
experts The basis of the selection was a pilot study in 
which we asked 31 participants which of the five products 
they liked best In general, the standard product was 1ntro- 
duced with the lines “Here you see a [fountain pen] which 
fits the preferences and requirements of most consumers 
quite well” and described along the most relevant dimen- 
sions (Figure 2) 


2We are indebted to one of the anonymous reviewers for point- 
ing out this important issue 


Customized product For all the product categories, we 
simulated a mass customization toolkit that enabled partici- 
pants to customuze the product We designed the toolkits so 
that participants could choose the most preferred parameter 
value for the product dimensions that were used to describe 
the standard product (Figure 2) The toolkit designs were 
based on a pilot study in which we thoroughly analyzed 53 
existing mass customization toolkits on the Web and inter- 
viewed three market experts to make the design as realistic 
as possible Participants were 1nformed that the technical 
quality of the standard product and the customized product 
was identical 


Measurement 


Preference insight The participants’ degree of aware- 
ness of their own preferences regarding the specific product 
category was measured on the basis of extant literature 
(Kramer 2007, Simonson 2005) The items read “Regarding 
[fountain pens], I know exactly what I want", “When I pur- 
chase a [fountain pen], I usually know quite soon what I 
prefer", and “When I purchase a [fountain pen], I find ıt 
easy to choose among different alternatives” (1 = “high 
agreement,” and 7 = “low agreement", Cronbach's œ = 83) 


Ability to express preferences We measured this latent 
construct on the basis of relevant literature (Kramer 2007, 
Simonson 2005) and used the following items “Tt would be 
easy for me to describe what an ideal [fountain pen] should 
look like”, “It would be no problem for me to name those 
attributes of a [fountain pen] which are most important to 
me”, “I could easily explain to someone else what kind of 
[fountain pen] I like best”, and “If I had three minutes’ time 
to explain to someone else what I like and what I dislike, 
this person could theoretically choose a [fountain pen] for 
me that would meet my requirements” (1 = “high agree- 
ment,” and 7 = “low agreement", Cronbach's œ = 89) 


Product involvement We measured product involve- 
ment, with а new focus on involvement in news (instead of 
newspapers as a physical product), using a reduced version 
of Zaichkowsky’s (1985) personal involvement inventory 
scale To save space 1n the questionnaire, we selected three 
five-point semantic differential scales The participants 
were asked to complete the short statement “For me, always 
having the latest news ıs " The scales were anchored at 
“important” versus “unimportant,” “useless” versus “use- 
ful? and “essential” versus “nonessential” А Cronbach’s 
alpha of 87 across all samples (product categories) 1ndi- 
cates a sufficient level of reliability ın this construct In 
addition, we measured participants’ involvement 1n news- 
papers 1n the same way as ın Study 1 (“For me, a newspaper 
15 "),using the same three five-point semantic differential 
scales Cronbach's alpha ıs 84, which points to high relia- 
bility ш the measurement The questions regarding involve- 
ment 1n news and newspapers were placed consecutively to 
make it more clear that the objects were different (see 
Oppenheim 2000) The two constructs are correlated ( 52, 
p « 001), which does not come as a surprise because news- 
papers are indeed bundles of news 
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ABenefit We measured the additional benefit associated 
with a customized product (compared with the standard 
product) as a latent construct We adapted the five items 
from Schreier (2006) “Compared to the standard [fountain 
pen], the customized [fountam pen] would ” (1) “better 
satisfy my requirements," (2) "better meet my personal 
preferences,” (3) “тоге likely be the best solution for me,” 
(4) “more likely be what I really want,” and (5) “more likely 
fit my image of a perfect [fountain pen]" We measured 
them on a seven-point scale (1 = “high agreement,” and 7 = 
“low agreement", Cronbach's œ = 96) 

To ascertain the validity of the four latent constructs, we 
employed exploratory factor analysis and confirmatory fac- 
tor analysis The former led to four extracted factors that 
together explained 79% of the overall variance, which 
points to the unidimensionality of the constructs The latter 
delivered satisfactory overall fit statistics (goodness-of-fit 
index = 964, adjusted goodness-of-fit index = 949, com- 
parative fit index = 982, incremental fit index = 982, and 
root mean square error of approximation = 048) All factor 
loadings were positive and significant, indicating a sound 
degree of convergent validity (detailed results of the confir- 
matory factor analysis are available from the authors on 
request) 


AWTP The second dependent variable was the intra- 
individual difference between WTP for the customized 
product and WTP for the standard product In both cases, 
we measured WTP using the open-ended contingent valua- 
tion approach (“How much would you be willing to pay for 
[your self-designed] [fountain реп]?”) (Jones 1975) We 
then calculated the delta as WTP (customized product) less 
WTP (standard product) 


Questionnaire and Samples 


As ın Study 1, we obtained the data from self-admimstered 
online questionnaires A random representative sample 
comprising 6775 participants was drawn from Austria’s 
leading online panel (provided by MindTake New Media 
Consulting), and they were contacted through e-mail, with 
an initial reminder after three days and a second reminder 
after seven days Each member of the sample received a 


questionnaire that was adapted to one of the five product 
categones and had been randomly assigned A total of 1039 
participants answered the questionnaire completely, for a 
response rate of 153% Again, comparisons of early and 
late respondents showed no significant differences, indicat- 
ing the absence of response bias (Armstrong and Overton 
1977) 


Findings 


Difference test We first measured the extent to which 
the customized products provided higher benefits than stan- 
dard products, as we conjectured 1n H; We reproduced the 
findings of Study 1 for the newspaper market (AWTP = 
36%, p < 001) and found a stable pattern in the product 
categories of kitchens (AWTP = 37%, p < 001), fountain 
pens (AWTP = 40%, p < 001), skis (AWTP = 34%, p < 
001), and breakfast cereals (AWTP = 50%, p < 001) Thus, 
H, was confirmed in any case (see Table 3) Regardless of 
the product category, customization appears to increase the 
benefit a customer derives from a product, though the 
degree to which this increased differs between categories 


Dependency analysis We used structural equation mod- 
ейп to test H.-H, (Figure 3) and tested the extent to which 
the constructs of “preference insight,” “ability to express 
preferences,” and “product involvement” affect the addi- 
tional benefit particrpants derive from customization We 
set the latent construct of ABenefit as the first-order depen- 
dent variable and AWTP as the second-order dependent 
variable We then estimated six structural equation models 
(one for each product category and one overall model) 

When first examining the results 1n the newspaper cate- 
gory, we again confirm the results of Study 1 In addition, 
when measured as latent constructs, preference 1nsight and 
the ability to express preferences affect the benefits partici- 
pants derive from customization Product involvement has a 
significant impact, which, unlike Study 1, confirms Hs In 
line with our conjecture, we find that 1f we take product 
involvement as measured 1n Study 1 пе, involvement in 
newspapers as a physical product), the path between prod- 
uct involvement and ABenefit becomes insignificant ( 037, 
p = 329), while the other paths remain stable (preference 





TABLE 3 
Mean WTP for Standard and Customized Products (Study 2) 
Newspaper Fountain Pen Kitchen Skis Cereal 
M (SD) M (SD) M (SD) M (SD) M (SD) 
Mass-marketing 75 42 21 2481 80 211 82 211 
product (1) ( 52) (27 54) (954 22) (107 51) ( 84) 
Customized 102 59 12 3406 76 282 85 316 
product (2) (66) (39 57) (1369 04) (147 67) (108) 
% benefit gain 36%, p< 0018 40%, р< 0018 37%, p< 0012 34%, р< 0012 50%, p< 001a p< 056 
(t = —7 23) (t =—10 25) (t2 —15 04) (= —11 72) (t =—10 42) (F = 2 812) 
N 231 200 198 201 209 


at-test comparing WTP for the standard and customized product within each product category 
bANOVA comparing the relative deltas in WTP across the product categories 


Notes WTP for each product is reported in euros 
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FIGURE 3 
Structural Equation Model (Study 2) 
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insight — ABenefit = 188, p < 05, ability to express pref- 
erences — ABenefit = 217, p < 01, ABenefit — AWTP = 
361, p< 01) This suggests that the findings of Study 1 are 
indeed replicated and that our improved measurement of 
product involvement yields additional insights 

In the other product categories, the results of the struc- 
tural equation models provide strong empirical support for 
our hypotheses We find that the constructs of preference 
insight, ability to express preferences, and product involve- 
ment significantly affect the benefits from customization 
compared with standard products, thus confirming H4-Hs 
We also find that these higher benefits result ın higher WTP 
(see Table 4) In all product categories, alternative models 
performed worse The model fit decreased significantly 
when paths were eliminated, suggesting that the pattern 
found 1s indeed robust across different product categories 
However, although the identified patterns are similar ın all 
product categories, we find substantial differences in effect 
sizes Multigroup analyses show that the product category 
moderates the effects of preference insight, the ability to 
express preferences, and product involvement on the benefit 
a customer derives from an customized product If the 
regression weights are held constant within our model, its 
overall fit decreases significantly 


Discussion of Study 2 


In Study 2, we successfully replicated the findings from 
Study 1 using a different method This suggests that the pat- 
terns found are robust and valid We also discovered that the 
findings are generalizable to other product categories, 
which differ greatly from newspapers Compared with 
newspapers, fountain pens can be considered more hedonic, 
higher-priced products that are consumed more publicly 
and are not bought frequently Skis also differ from news- 
papers 1n terms of their price, frequency of purchase, public 
consumption, and hedonic nature Kitchens are high-priced 
products that are purchased seldom and involve an exten- 
sive decision-making process Breakfast cereals may be 
regarded as different from newspapers because of their 
more utilitarian character However, although we found 
similar patterns 1n the other product categories, both analy- 
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sis of variance 1n the case of WTP increases and multigroup 
analyses 1n the case of structural equation models show that 
the coefficients differ significantly Thus, we cannot claim 
to have found a “natural constant.” In the context of our 
study, ıt would appear premature to speculate about why, 
for example, the WTP increase ш the case of cereals 15 
approximately 50% while the respective value fluctuates 
around 35% 1n the other product categories, because the dif- 
ferences can result from the product category and its vari- 
ous characteristics as well as the way we operationalized 
the toolkit However, investigating reasons for the different 
levels might serve as a starting point for further research 


General Discussion 


Theoretical Contribution 


In our two studies, we found that products customized on 
the basis of measured customer preferences deliver clear 
benefits to the customer This finding 1s highly relevant to 
the literature because 1t provides evidence of a списа! rela- 
tionship that, until now, has only been assumed and can be 
regarded as the foundation of management concepts, such 
as mass customization (e g , Pine 1993, Wind and Mahajan 
2001), one-to-one-marketing (е g, Peppers and Rogers 
1993, 1997), customer relationship management (eg, 
Lemon, White, and Winer 2002), and personalization and 
smart agents (e g , Alba et al 1997) In our studies, we did 
not use a convenience sample of students, as 1n Franke and 
Piller (2004), Schreier (2006), or Franke and Schreier 
(2008, 2009), but rather a truly representative sample drawn 
from Austrian residents with an e-mail account (60% of 
Austrian residents have Internet access, and there 1s still a 
moderate bias toward younger, better-educated customers) 
The finding that the high benefit of customization 1s not 
merely a characteristic of one special-interest subgroup 1s a 
crucial aspect of our study 

The relatively large increase in derived benefit (despite 
identical technical quality) suggests that there 1s a great deal 
of “money on the table,” which underscores the high rele- 
vance of scholarly research on ways to reduce the costs of 
customization and indicates that such efforts are indeed 
highly promising Cost reductions can come in various 
forms and comprise further improvements ın flexible pro- 
duction technologies (е g, Chua, Leong, and Lim 2003) 
and lower process costs for customers through design tool- 
kits that are easier to use (Randall, Terwiesch, and Ulrich 
2007) or through more effective recommender systems 
(Holzwarth, Janiszewski, and Neumann 2006) Given fur- 
ther progress, this suggests that individual marketing will 
indeed gain more importance relative to the traditional prac- 
tices of segmentation and mass marketing, as several schol- 
ars have predicted 

However, we also show empirically that the benefits of 
customization are contingent on characteristics of the cus- 
tomer—namely, his or her level of insight into own prefer- 
ences, ability to express those preferences, and product 
involvement (e g, Kramer 2007, Simonson 2005) This 
challenges the tendency in the popular press to advocate 
customization as the best possible strategy for any con- 
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sumer зп any situation If customers have difficulties con- 
veying preference information to the company (either 
because they are unaware of what they want or because they 
are not able to express their preferences properly) or tf they 
have a low level of involvement, the benefits of customiza- 
tion will be considerably lower This 1s 1n line with findings 
on user innovation activities (see Von Hippel 2005) The 
consistent finding 1s that a small subgroup of users (termed 
“lead users") responds to the lack of products that fit their 
preferences by creating such a customized product them- 
selves These lead users are characterized by a clear and 
high demand for a solution to a problem they face (Von 
Hippel 1988) 

Our finding that customization 1s particularly beneficial 
to customers with clear preference systems does not neces- 
sarily mean that customization strategies do not make sense 
in the opposite case However, 1t indicates that customiza- 
tion processes should be designed differently In our stud- 
1es, we focused on a customer-active means of preference 
transmission 1n which customers must actively specify what 
they want However, there are alternatives that require less 
skill and effort from the customer than laborious self-design 
processes, such as smart agents or recommender systems 
(which require little or no customer effort) The extent to 
which these systems provide benefits 1n such situations 
remains a question for further empirical research In addi- 
tion, 1 15 important to bear in mind that interaction with а 
customization toolkit might actually help the consumer 
understand and articulate his or her preferences better 
because 1t involves trial-and-error learning with simulated 
feedback on the outcome (Von Hippel and Katz 2002) 
Research from Yoon and Simonson (2008), who find that 
the design of the configuration set affects the customers’ 
preference confidence and stability, can be viewed as a first 
step toward a better understanding of how customuzation 
might work when customers have no clear preferences 
Again, additional research 1s necessary 


Methodological Limitations and Avenues for 
Further Research 


Our studies only involved simulated products, which might 
lead to a “hypothetical bias,” particularly when participants 
reveal their WTP by means of the contingent valuation 
method (Wertenbroch and Skiera 2002) The relatively high 
sums participants claimed to be willing to pay for the prod- 
ucts suggest that this effect also arose п our experiment As 
a result, conclusions regarding the absolute amounts of 
money that can be skimmed through customization should 
be drawn with due caution Additional research on this issue 
їп a more realistic experimental setting 1s required Fortu- 
nately, our study focuses on the relative level and not the 
absolute level of WIP Several other studies have shown 
that inflation factors are stable across experimental groups 
(е g , Franke and Piller 2004) 

If we compare the WTP gains for customized news- 
papers ш Studies 1 (14%) and 2 (35%), we find substantial 
differences, though both are based on a similar object 
(newspapers consisting of 10 articles chosen from a set of 
90 headlines) and the populations were similar The differ- 
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ence may be attributed to the presence of a demand artifact 
in Study 2 (Sawyer 1975) This means that participants 
might have in part reacted to their interpretation of the 
experiment’s purpose by making inflated statements of 
WTP We do not know the extent of this effect, however, we 
found identical patterns in Studies 1 and 2 with regard to 
newspapers, both in the main effects and in the moderator 
variables, which provides evidence that the demand artifact 
does not explain the entire WTP gam observed 1n Study 2 

Does the inflation of WTP by the demand artifact in 
Study 2 affect the generalization that customization 1s also 
beneficial 1n other markets? We do not believe that this 1s 
the case Assuming that (1) there 1s hardly any demand 
effect 1n Study 1 (here, the objectives of the experiments 
were unclear to participants—the study was entitled “What 
are newspaper readers interested 1n?"— and at least Sample 
1 involved a ten-day time delta) and (2) the demand artifact 
in Study 2 had a similar inflating effect on all samples 
(which 1s likely because the samples were randomized and 
the setting was 1dentical), we can "deflate" the WTP gain 
from customization in the categories of fountain pens, 
kitchens, and cereals by the same factor as in the newspaper 
category Regardless of the concrete deflation algorithm 
(e g , multiplicative or subtractive), the findings should still 
indicate a positive “true” gain in the other product 
categories 

We focused on the benefit component arising from 
Increased preference fit Although preference fit 1s consid- 
ered the most important positive component in the cus- 
tomers’ “utility balance,” the process of self-designing a 
product might also carry value for customers (Franke and 
Schreier 2009) There may also be (positive) interaction 
effects between these components, which would warrant 
studies measuring both effects simultaneously Further 
research also should integrate cost components (with varied 
methods of obtaming customized products, such as self- 
design toolkits or recommender systems) because they 
might also interact with the other components and yield 
more realistic insights into the net value of customization 
All these components and their interplay might vary with 
product categories and cultural factors, which would 
explain why customization 1s common in some industries 
and nonexistent in others or why the commercial use of 
configuration toolkits differs in various countries (е 8, car 
configurators are more popular ın Europe than ın the United 
States) 

In addition, the values attributed by consumers are not 
the only variables that determine whether customization 1s a 
viable business strategy 1n markets characterized by hetero- 
geneous customer preferences Other factors include net- 
work externalities of the products (which instead under- 
score the importance of standardization), experience effects, 
economies of scale, production and distribution costs, orga- 
nizational issues (е g , the “not-invented-here” syndrome), 
and the costs of organizational coordination Further 
research from different perspectives 15 necessary to enhance 
the understanding of when customization constitutes a 
promising marketing strategy 
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Felicitas M. Morhart, Walter Herzog, & Torsten Tomczak 


Brand-Specific Leadership: Turning 
Employees into Brand Champions 


This article reports two studies on how managers can elicit brand-building behavior from frontline employees Study 
1 examines the mechanisms by which brand-specific transactional and transformational leadership influence 
employees' brand-building behavior The results from a survey of 269 customer-contact employees show that 
brand-specific transactional leaders influence followers through a process of compliance, leading to an increase in 
turnover intentions and a decrease in in-role and extra-role brand-building behaviors In contrast, brand-specific 
transformational leaders influence followers through a process of internalization, leading to a decrease in turnover 
Intentions and an increase in tn-role and extra-role brand-building behaviors In turn, both processes are mediated 
by employees’ perceptions of autonomy, competence, and relatedness with regard to their work roles as brand 
representatives Moreover, the results show that brand-specific transactional leadership moderates the influence 
of brand-specific transformational leadership in a nonlinear, inverse U-shaped way, so that a medium level of 
transactional leadership maximizes the positive effects of transformational leadership Study 2 addresses whether 
managers can learn brand-specific transformational leadership A field experiment shows that brand-specrific 
transformational leadership can indeed be learned through management training 


Keywords corporate branding, transformational leadership, frontline employees, social identity, self-determination, 
covariance structure analysis, field experiment 


researchers and practitioners have come to acknowledge 
that employee performance plays a vital role m the suc- 
cess of a service brand Unlike with product brands, for 
which consumers’ perceptions of a brand derive predomi- 
nantly from a product’s tangible features, customers’ per- 
ceptions of a service brand depend highly on the behavior 
of frontline staff (e g, Hartline, Maxham, and McKee 
2000) Thus, the task of getting employees to build and 
strengthen an organization's brand image (1e, to act as 
“brand champions”) is a challenge for service firms 1n many 
industries Recent research ın the area of internal brand 
management has stimulated the search for antecedent con- 
ditions that are likely to promote brand-supportive behav- 
1ors on the part of frontline workers Among other orgamza- 
tional variables, supervisory behavior has been proposed as 
a key driving force 1n this effort (Miles and Mangold 2004, 
with regard to leaders’ role in internal marketing 1n general, 
see Wieseke et al 2009) However, research attempts to 
substantiate this assumption conceptually and empirically 
are scarce In particular, the question of what leaders can 
actually do to get their followers to act on behalf of the cor- 
porate brand 18 still open 
This research attempts to answer this question In Study 
1, we examine how different leadership styles affect 
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customer-contact personnel's brand-building behavior and 
how they interact in producing effects In doing so, we draw 
on the distinction between two fundamental approaches to 
employee supervision transactional leadership (TRL) and 
transformational leadership (TFL) (Bass 1985) We draw on 
identity and motivation theories (Ashforth and Мае! 1989, 
Рес: and Ryan 1985) to develop our theoretical framework 
from which we derive our hypotheses about the different 
working mechanisms of these two leadership styles and 
their interplay In Study 2, we address whether managers 
can learn brand-specific TFL, which we find to be more 
effective than brand-specific TRL ın Study 1 We present 
and discuss the results of a field experiment on the effects 
of a brand-specific leadership training intervention 


Study 1 


In this study, we explore the psychological mechanisms by 
which brand-specific transformational and transactional 
leaders may influence employees' brand-building behav- 
1015 We begin by elaborating on the central constructs of 
our process model 


Definitions 


Employee brand-bulding behaviors There ıs some 
notable work on the role of frontline employees 1n shaping 
customers’ experience 1n the service context (е g , Betten- 
court, Brown, and MacKenzie 2005, Parasuraman, Zeit- 
haml, and Berry 1985) The idea of customer-contact per- 
sonnel’s actions determining the image of a service firm in 
customers’ minds also underpins a new concept known as 


Journal of Marketing 
Vol. 73 (September 2009), 122—142 


“employee brand-building behavior” (Miles and Mangold 
2004) However, prior literature on the idea of employees as 
brand builders 1s rather vague 1n terminology, with authors 
speaking of employees as "brand ambassadors" or "brand 
maniacs,” “brand champions,” and “brand evangelists” 
(VanAuken 2003) who “transform brand vision into brand 
reality” (Berry 2000, p 135), without providing a concrete 
conceptualization that goes beyond employees delivering 
high service quality Therefore, we define “employee brand- 
building behavior” as employees’ contribution (both on and 
off the job) to an organization’s customer-oriented branding 
efforts To come up with a viable operationalization, we 
conducted an extensive literature review over a mixed body 
of knowledge comprising work from services marketing 
(Heskett, Sasser, and Schlesinger 1997, 2003), relationship 
marketing (Arnett, German, and Hunt 2003, Bhattacharya 
and Sen 2003), employee branding (Miles and Mangold 
2004), brand communities (Algesheimer, Dholakia, and 
Herrmann 2005), and organizational citizenship behavior 
on the part of customer-contact employees (Bettencourt and 
Brown 2003, Bettencourt, Brown, and MacKenzie 2005, 
MacKenzie, Podsakoff, and Ahearne 1998) These works 
suggest a list of employee brand-building behaviors that can 
be classified into three categories (according to Motowidlo 
and Van Scotter 1994) and, as such, serve as key dependent 
variables throughout Study 1 1n the current research 

*Retention" refers to employees' upholding their profes- 
sional relationship with the corporate brand A service 
firm's ability to maintain stability in 18 customer-contact 
staff 15 crucial Frontline employees humanize a service 
brand and help customers connect emotionally to ıt Long- 
lasting relationships are likely to spark feelings of close- 
ness, affection, and trust of customers toward brand repre- 
sentatives, all of which pay into a brand’s competitive 
advantage However, when customers are confronted with 
ever-changing contact personnel, they have difficulty devel- 
oping such a relationship with the corporate brand "In-role 
brand-building behavior” refers to frontline employees’ 
meeting the standards prescribed by their organizational 
roles as brand representatives (either written 1n. behavioral 
codices, manuals, display rules, and so forth, or unwritten) 
Specifically 1n the service context, customers' brand experi- 
ence depends on frontline employees' behavior Thus, 1t 1s 
crucial that representatives treat customers 1n a way that 1s 
consistent with the brand promise the organization conveys 
through its public messages “Extra-role brand-building 
behavior" refers to employee actions that go beyond the 
prescribed roles for the good of the corporate brand and are 
discretionary In this category, of the most important in 
terms of branding efforts are participation (on the job) and 
positive word of mouth (off the job) First, employees who 
actively participate in brand development (eg, by inter- 
nally passing on branding-relevant customer feedback from 
customer touchpoints) provide a company with high-quality 
input for 1ts brand management Second, employees' per- 
sonal advocacy of the organization's product and service 
brands outside the Job context 15 a credible form of advertis- 
1ng for actual and potential customers 


Brand-specific TRL and TFL This study 1s primarily 
based on a prominent theoretical perspective in leadership 


research that contrasts two generic leadership philosophies 
TRL and TFL (Bass 1985) While TRL 18 founded on the 
idea that leader—follower relationships are based on a series 
of exchanges or implicit bargains in which followers 
receive certain valued outcomes on the condition that they 
act according to their leaders’ wishes, TFL implies the 
alignment of followers’ values and priorities with the orga- 
nization’s goals to accomplish higher-order objectives 
According to MacKenzie, Podsakoff, and Rich (2001), TFL 
surpasses the impact of TRL on follower outcome variables 
1n that transformational leaders elicit extra-role behaviors 1n 
addition to 1n-role behaviors from followers In turn, this 
makes the dichotomy of TFL and TRL a useful approach 
for our research on the aforementioned categories of brand- 
building behavior 

Previous research has suggested leader behaviors that 
are typically associated with TFL and TRL (see Podsakoff 
et al 1990) In the current study, consistent with Bass’s 
(1985) original conception, we concentrate on the following 
leader behaviors as reflecting a TFL style (1) charisma (or 
idealized influence), (2) inspirational motivation, (3) intel- 
lectual stimulation, and (4) individualized consideration 
“Charisma” (idealized influence) 1s the degree to which the 
leader behaves 1n admirable ways that cause followers to 
identify with him or her “Inspirational motivation” refers to 
a leader’s ability to create a sense of collective mission 
among followers by articulating an exciting vision Through 
“intellectual stimulation,” a leader provides followers with 
challenging new ideas to stimulate rethinking of old ways 
of doing things “Individualized consideration" refers to 
coaching and mentoring while trying to assist each 1ndivid- 
ual 1n achieving his or her fullest potential 

In contrast, we consider (1) contingent reward and (2) 
management-by-exception behaviors as typical manifesta- 
tions of a TRL style “Contingent reward" refers to a leader 
clarifying expectations for followers and offering recog- 
nition when goals are achieved Rewards are contingent 
on effort expended and performance level achieved 
*Management-by-exception" describes a leader monitoring 
and reprimanding followers for deviances from prescribed 
performance standards, as well as taking 1mmediate correc- 
tive action against poor performance 

In our attempt to understand leadership as an antecedent 
of the specific outcome of follower brand-building behav- 
101, 1t 15 necessary to define а brand-specific version of TFL 
and TRL (for other domain-specific versions of TFL, see 
Barling, Loughlin, and Kelloway 2002) We define brand- 
specific TFL as a leader’s approach to motivating his or her 
followers to act on behalf of the corporate brand by appeal- 
ing to their values and personal convictions Brand-specific 
TFL entails characteristic behaviors such as (1) acting as a 
role model and authentically “living” the brand values 
(brand-specific adaptation of charisma/idealized influence), 
(2) articulating a compelling and differentiating brand 
vision and arousing personal involvement and рпде in the 
corporate brand (brand-specific adaptation of inspirational 
motivation), (3) making followers rethink their jobs from 
the perspective of a brand community member and empow- 
ering and helping followers to interpret their corporate 
brand’s promise and its implications for work 1n their 1ndi- 


Brand-Specific Leadership / 123 


vidual ways (brand-specific adaptation of intellectual stimu- 
lation), and (4) teaching and coaching them to grow into 
their roles as brand representatives (brand-specific adapta- 
tion of individualized consideration) 

In contrast, we define brand-specific TRL as a leader’s 
approach to motivating his or her followers to act on behalf 
of the corporate brand by appealing to a contingency ratio- 
nale 1n followers’ minds Brand-specific TRL 1s manifest 1n 
behaviors such as (1) specifying behavioral standards for 
appropriate exertion of followers’ roles as brand representa- 
tives and offering rewards when role expectations are met 
(brand-specific adaptation of contingent reward) and (2) 
clanfying what constitutes meffective performance of a 
brand representative and punishing employees for not being 
in compliance with these standards The latter involves 
closely monitoring employees for deviances, mistakes, and 
errors and then taking corrective action when they occur 
(brand-specific adaptation of management-by-exception) 


Development of Hypotheses 


Here, the primary question of interest 1s the psychological 
mechanism by which each of the two brand-specific leader- 
ship styles affects employees’ brand-building behavior In 
the following sections, we formulate our hypotheses sepa- 
rately for the brand-specific TFL process and the brand- 
specific TRL process In a next step, we formulate hypothe- 
ses about their interactive effects on follower outcomes 

Our conceptual framework integrates several streams of 
literature—TFL/TRL theory, self-determination theory 
(SDT), (social) identity theory, and brand-building theoriz- 
ing Figure 1 provides an overview of these bodies of 
knowledge and the central works that give the rationale for 
the predicted relationships between the constructs in our 
model 

The crucial concept that tres leadership theory, SDT, 
identity theories, and brand-building theorizing together in 
our framework 1s followers’ internalization of a brand-based 
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role identity into their self-concepts First, we argue that 
employee brand-building behavior ıs identity-congruent 
behavior that follows from a person’s self-definition (self- 
concept) 1n terms of the corporate brand (link between 1den- 
tity theory and brand building) Second, we argue that fol- 
lowers are likely to internalize such a brand-based role 
identity when they experience satisfaction of their needs for 
relatedness, competence, and autonomy ın their roles as 
brand representatives (link between identity theory and 
SDT) Third, we propose that brand-specific transforma- 
tional leaders provide a work environment 1n which follow- 
ers experience satisfaction of the three needs and thus sup- 
port followers’ adoption of a brand-based role identity (link 
between leadership theory and SDT) In contrast, we argue 
that brand-specific transactional leaders thwart followers’ 
need satisfaction and thus hinder followers’ integration of a 
brand-based role identity into their self-concepts As such, 
we assume that both brand-specific TRL and brand-specific 
TFL affect employees’ brand-building behavior However, 
the mechamsms through which these leadership styles oper- 
ate differ, resulting in different outcomes (see Figure 2) 


Brand-specific transactional leaders are hypothesized to 
influence followers through a process of compliance, lead- 
ing to in-role but not extra-role brand-building behaviors 
and increased turnover intentions (see Figure 2, Hgg—H оь); 
m contrast, brand-specific transformational leaders are 
assumed to influence followers through a process of inter- 
nalization, leading to 1n-role and extra-role brand-building 
behaviors and decreased turnover intentions (see Figure 2, 
H,,-Hs,) Furthermore, these processes are assumed to be 
mediated by followers’ satisfaction of their basic psycho- 
logical needs with regard to their work roles (1 e., related- 
ness, competence, and autonomy) In summary, the causal 
chain of our analysis takes the form of leadership style — 
basic need satisfaction — source of motivation — follower 
brand-building behavior We now develop our hypotheses ın 
detail 


The brand-specific TFL process Several authors ın the 
field of 1nternal branding suggest that to encourage brand- 
supportive behavior, leaders must help employees “internal- 
1ze" the brand (е g., Miles and Mangold 2004, Vallaster and 
De Chernatony 2005) Accordingly, we propose that the 
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central mediator in an effective brand-specific leadership 
process 1s employees’ internalization (Kelman 1958) of a 
role identity as brand representative Specifically, we argue 
that the influence of an effective brand-specific leader is 
based on his or her ability to make followers integrate a 
brand-based role identity into their self-concepts Drawing 
on the work of Shamir, House, and Arthur (1993), we 
assume that internalization of a brand-based role identity, 
and thus the modification toward а brand-oriented self- 
concept, occurs when (1) people have come to accept the 
brand values as their own and thus perceive value congru- 
ence between their own and the corporate brand's values 
and (2) the brand-based role identity 1s positioned promi- 
nently in the salience hierarchy among the various role 
identities within the person's self-concept The motivational 
significance, and thus behavioral relevance of a person's 
self-concept, 1s stressed by (social) identity theory Ashforth 
and Mael (1989) suggest that people tend to engage in 
behaviors that are congruent with salient aspects of their 
identities within their self-concepts and support the institu- 
tions embodying those identities (in our case, the corporate 
brand) Through these 1dentity-congruent behaviors, people 
validate their self-concept in their behavior, which serves 
their needs for self-consistency and self-expression 
(Shamir, House, and Arthur 1993) Identity-congruent 
behaviors have been shown to become manifest 1n a multi- 
tude of benefits for the focal institutton—for example, in 
the form of lower turnover in employee-employer settings 
(O'Reilly and Chatman 1986), exhibition of supportive 1n- 
role behaviors (eg, product utilization) ın customer- 
company settings (Ahearne, Bhattacharya, and Gruen 
2005), and several functional extra-role behaviors, such as 
advocacy, financial donations, participation in organiza- 
tional functions, and proliferation of business-relevant 
information in various settings of organizational patronage 
(eg, Ahearne, Bhattacharya, and Gruen 2005, Arnett, 
German, and Hunt 2003) Similar consequences are likely 
to accrue when the salient aspect within employees’ self- 
concept 1s a corporate brand This leads us to assume that 
employees’ internalization of their role identity as brand 
representatives should entail 1dentity-congruent behaviors 
in the form of retention, in-role brand-building behaviors, 
and extra-role brand-building behaviors 

To explain how followers internalize their role identity 
as brand representatives, we draw on another theoretical 
Strand that some authors (Bono and Judge 2003) have 
brought up (but not further elaborated) in the context of 
self-concept theorizing—namely, Deci and Ryan's (1985) 
SDT In SDT, “internalization” refers to the process through 
which people transform external motivations into internal 
motivations, so that externally prompted behaviors become 
truly self-determined and part of people's self According to 
SDT, the optimal functioning of this internalization process 
depends on the social context For full internalization to 
occur, the social context must provide satisfaction of three 
basic psychological needs the needs for (1) relatedness, 
(2) competence, and (3) autonomy With regard to work set- 
tings, TFL 1s a contextual factor that should allow for 
employees' satisfaction of their basic psychological needs 
with regard to their work roles and thus promote employ- 
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ees’ internalization of externally encouraged role behaviors 
(Gagné and Deci 2005) 

Similar effects can be expected from brand-specific 
TFL Our foregoing definition implies that brand-specific 
TFL entails behaviors such as (1) emphasizing followers’ 
membership in the brand community, (2) teaching and 
coaching followers to enact their brand-based role identity 
appropriately, and (3) showing concern for subordinates’ 
feelings as individuals and thus allowing choice and free- 
dom in how to interpret and enact their new role identity As 
such, brand-specific TFL 1s likely to create an environment 
that allows for satisfaction of followers’ basic needs for 
relatedness, competence, and autonomy while enacting 
their imposed role identity as brand representatives, conse- 
quently, this allows for the internalization of this role 1den- 
tity into their self-concepts, which then leads to brand- 
building behaviors Formally, our hypotheses regarding the 
working mechanism of the brand-specific TFL process are 
as follows 


Hı A supervisor’s brand-specific TFL increases followers’ (a) 
perceived relatedness to other members of the corporate 
brand community, (b) perceived competence m exerting 
their brand-based role identity, and (c) perceived auton- 
omy 1n exerting their brand-based role identity 

Н» Followers’ (a) perceived relatedness to other members of 
the corporate brand community, (b) perceived competence 
їп exerting their brand-based role identity, and (с) per- 
ceived autonomy 1n exerting their brand-based role 1den- 
tity increases internalization of their brand-based role 
identity 

H; Followers’ internalization of a brand-based role identity 
decreases their intent to terminate their ongoing profes- 
sional relationship (1e , employment) with the corporate 
brand 

На Followers’ internalization of a brand-based role identity 
increases their exhibition of in-role brand-building 
behaviors 

Hs Followers’ internalization of a brand-based role identity 
increases their exhibition of extra-role brand-building 
behaviors in terms of (a) positive word of mouth and (b) 
participation 


The brand-specific TRL process MacKenzie, Podsakoff, 
and Rich (2001) argue that TRL 1s distinct from TFL 
because of the different processes through which it oper- 
ates Because of the give-and-take exchange process inher- 
ent in TRL, the underlying influence mechanism of this 
leadership style 1s one of instrumental compliance (Kelman 
1958) rather than internalization, as it ıs for TFL Support- 
ing arguments for this assumption can again be found in 
SDT According to SDT, compliance occurs when the social 
context fails to provide the needed support for internaliza- 
tion to function optimally With regard to work contexts, 
this ımphes that when a manager does not allow for satıs- 
faction of followers’ needs for relatedness, competence, and 
autonomy, followers are not likely to fully “take in” the 
externally (ог leader-) induced values or behavioral stan- 
dards and will not accept them as their own Instead, such 
values and standards are likely to become a mere rule for 
action enforced by sanctions, so that followers are behaving 
In a certain way because they feel they “have to” and not 
because they “want to” 


Numerous experimental studies on intrinsic motivation 
(for a meta-analysis, see Deci, Koestner, and Ryan 1999) 
indicate several such dysfunctional social-contextual factors 
that are likely to undermine basic need satisfaction, such as 
task-contingent rewards, surveillance, and evaluations 
Their negative effects have been shown to derive from their 
tendency to spark feelings of pressure and control Notably, 
such contextual factors are characteristic of a TRL style In 
the form of management-by-exception and contingent 
reward behaviors, this leadership style epitomizes the 
control-by-contingency rationale that has been argued to 
thwart satisfaction of the basic psychological needs and, as 
such, does not lead to internalization of externally enforced 
values and behaviors First, because TRL involves tight 
monitoring, evaluation, and contingent reward procedures, 
this leadership style emphasizes individual-level rather than 
collective-level aspects of a worker’s identity Thus, 1t may 
promote an individualist frame of reference and nurture 
egocentric tendencies among followers that interfere with 
the development of a group identity and feelings of related- 
ness among group members (Lord, Brown, and Freiberg 
1999) Second, by closely controlling followers’ perfor- 
mance as brand representatives, transactional leaders tend 
to exert a problem-oriented leadership style, implying his or 
her disbelief 1n followers’ abilities to exert their work roles 
adequately This may undermine followers’ feelings of com- 
petence because they may become preoccupied with their 
weaknesses and unsure of their abilities (Felfe and Schyns 
2002) Third, by prescribing behavioral standards for ade- 
quate performance as brand representative, brand-specific 
transactional leaders do not try to empower followers 
Rather, they ensure that followers behave correctly within a 
given framework of structures, rules, and standards (Felfe 
and Schyns 2002, Kark, Shamir, and Chen 2003) Conse- 
quently, followers are likely to feel restrained 1n their auton- 
omy to decide their own way of acting as brand representa- 
tives In SDT, it 15 argued that social contexts (eg, 
managerial behaviors) that do not nurture the three basic 
needs are likely to impair the internalization process and 
make ıt stall at the stage of compliance Therefore, we infer 
that TRL should produce an undermining effect on follow- 
ers’ internalization of their imposed role identities, while 
promoting compliance as the motivational basis for brand- 
building behaviors According to Kelman (1958), compli- 
ance refers to a person accepting influence because he or 
she hopes to achieve a favorable reaction from another per- 
son or group The person adopts the induced behavior not 
because he or she believes in 1ts content but because he or 
she expects to gain specific rewards or approval and to 
avoid specific punishments or disapproval by conforming 
As such, compliance should drive followers’ exertion of 1n- 
role behaviors (activities that are prescribed by role require- 
ments and are resorted to for formal performance evalua- 
tions) However, when it comes to extra-role behaviors— 
that 1s, behaviors that are discretionary, not part of a per- 
son’s job description, and not explicitly recognized by the 
formal reward system—compliance does not seem to serve 
as a sufficient motivational base Moreover, compliance 15 
positively related to employees’ intent to leave the organiza- 


tion (Becker 1992) Our corresponding hypotheses read as 
follows 


Hg A supervisor’s brand-specific TRL decreases followers’ 
(a) perceived relatedness to other members of the corpo- 
rate brand community, (b) perceived competence ın exert- 
ing their brand-based role identity, and (c) perceived 
autonomy in exerting their brand-based role identity 


Н; A decrease ш followers’ (a) perceived relatedness to other 
members of the corporate brand community, (b) perceived 
competence in exerting their brand-based role identity, 
and (c) perceived autonomy in exerting their brand-based 
role identity increases compliance with their brand-based 
role identity 


Hg Followers’ compliance with a brand-based role identity 
increases their intent to terminate their ongoing profes- 
sional relationship (1 е, employment) with the corporate 
brand 


Но Followers’ compliance with a brand-based role identity 
increases their exhibition of in-role brand-building 
behaviors 


Но Followers’ compliance with a brand-based role identity 
decreases their exhibition. of extra-role brand-building 
behaviors 1n terms of (a) positive word of mouth and (b) 
participation 


Interactive. effects of brand-specific TRL and TFL So 
far, to understand the different logics of the two leadership 
processes, we have considered the effects of each leadership 
style independent of the amount of the other leadership 
style, that 15, we have considered only main effects How- 
ever, because brand-specific TFL and TRL might also influ- 
ence each other's effects, 1t 1s important to examine inter- 
actions between these two approaches 

Prior research on leadership has not taken a firm stand 
on the relationship between TFL and TRL effects In his 
original model, Bass (1985) argues that TFL builds on TRL 
1n that the latter provides the 1ndispensable basis for effec- 
tive leadership In other words, even a highly transforma- 
tional leader 1s not assumed to be effective unless he or she 
also attends to the task-oriented management part of his 
function (eg, management-by-exception, contingent 
reward) However, House (1996) stresses that TRL might 
also undermine the effectiveness of TFL Thus, analyzing 
how brand-specific TRL might moderate the effects of 
brand-specific TFL on followers' need satisfaction could 
render more clarity to this debate 

We suggest that brand-specific TRL can function either 
as “catalyzer” or as “neutralizer” for the positive effects of 
brand-specific TFL with regard to followers’ role-related 
needs, depending on its amount of usage This assumption 
draws from the logic 1n SDT that contextual factors give an 
external measure of influence (in this case, brand-specific 
TFL) 1ts meaning, which ın turn modifies its effects on tar- 
get individuals’ need satisfaction (Deci, Koestner, and Ryan 
1999) As such, the amount of brand-specific TRL can be 
interpreted as a contextual factor that shapes the meaning of 
a manager's brand-specific TFL in followers’ eyes and, 
thus, 1ts effects on their role-related need satisfaction. For 
example, a brand-oriented manager who engages 1n trans- 
formational behaviors while completely neglecting “һапаѕ- 
on" activities, such as clanfying tasks, setting goals, and 
defining standards for performance and compensation, may 
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be viewed by followers as too quixotic, as a “windbag,” 
with the consequence that his or her transformational efforts 
lose ground In contrast, when used to the extreme, brand- 
specific TRL behaviors may undermine the effects of trans- 
formational behaviors Rigid behavioral prescriptions, strict 
control, and emphasis on “pay-per-performance” as to 
brand-supporting behaviors contradict a leader’s transfor- 
mational efforts with regard to satisfying followers’ needs 
for autonomy, competence, and relatedness 1n their roles as 
brand representatives Thus, too much emphasis on TRL 
behaviors may cause followers to perceive their supervi- 
sor’s TFL behaviors as inauthentic and even manipulative, 
foiling their positive effects on followers’ need satisfaction 

As а result, extreme brand-specific TRL behaviors (1e , 
either very low or very high ) are likely to thwart (“neutral- 
122") the effects of brand-specific TFL on followers’ need 
satisfaction or, in terms of motivation theory, to produce a 
crowding-out effect on followers’ need satisfaction and 
subsequent internalization of their brand-based role identity 
In contrast, a medium level of brand-specific TRL 1s 
hypothesized to “catalyze” the effects of brand-specific 
TFL on need satisfaction, producing a crowding-in effect 
on followers’ need satisfaction and subsequent role identity 
internalization Thus, we suggest that the positive effect of 
brand-specific TFL on followers’ basic need satisfaction 
varies as a function of brand-specific TRL 1n that the posi- 
tive impact of TFL on followers’ perceived need satisfaction 
increases over the range of TRL up to an optimal point on 
the TRL scale However, as the level of TRL exceeds this 
characteristic point, the positive 1mpact of TFL on follow- 
ers’ perceived need satisfaction decreases The result of this 
dynamic 1s an inverse U-shaped moderator effect of brand- 
specific TRL on the relationship between brand-specific 
TFL and followers’ perceived need satisfaction 


Hı; There ıs a curvilinear (inverse U-shaped) moderator 
effect of brand-specific TRL on the effect of brand- 
specific TFL on followers’ perceived autonomy, compe- 
tence, and relatedness, with the effect of brand-specific 
TFL being strongest at an intermediate level of brand- 
specific TRL 


Method 


Data collection and sample To test Hj-H,;, we con- 
ducted an online survey in the business-to-business division 
of a large telecommunications company Participants were 
service employees with regular face-to-face, written, and/or 
telephone customer contact We obtained usable question- 
naires from 269 of 930 people, for a response rate of 29% 
Analyses of company-provided demographic data indicated 
that respondents were representative (1n terms of sex, age, 
and tenure) of frontline service workers in this company 
division We report the measurement scales used in this 
study along with their psychometric properties in the 
Appendix 


Measure development and assessment Whenever possi- 
ble, we used existing measures of the constructs and 
adapted them to thus study's context We used 20 items, 
adapted from the multifactor leadership questionnaire form 
5X (MLQ, Avolio and Bass 2004), to assess brand-specific 
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TFL The scale measures five dimensions of TFL intellec- 
tual stimulation, inspirational motivation, idealized influ- 
ence (attributes), idealized 1nfuence (behavior), and individ- 
ual consideration We used homogeneous item parceling, 
which 1s recommended for multidimensional constructs by 
Coffman and MacCallum (2005), to model brand-specific 
TFL as a single-factor construct with five indicators (one 
parcel per dimension) ! We used 8 items, adapted from the 
MLQ form 8Y (Bass and Avolio 1993), to assess brand- 
specific TRL Again, we applied homogeneous item parcel- 
ing to model it as a single-factor construct with two 1ndica- 
tors (one per dimension)? To measure role identity 
competence, role identity autonomy, and relatedness to 
brand community, we used three items for each construct 
from the basic-need-satisfaction-at-work scale (Deci et al 
2001) and adapted the wording to fit our context We mod- 
eled role identity 1nternalization as a second-order construct 
with identity salience and value congruence as first-order 
factors We measured the former with three 1tems adapted 
from Callero’s (1985) role identity salience scale and 
Cheney’s (1983) organizational identification questionnaire 
We assessed the latter by adapting a measure orginally 
developed by Веграпи and Bagozzi (2000) Our measure 
for compliance was based on two items from Caldwell, 
Chatman, and O’Reilly’s (1990) instrumental commitment 
scale For retention, we used three items from Ganesan and 
Weitz’s (1996) turnover intention scale and reverse-coded 
them To our knowledge, no scale exists for 1n-role brand- 
building behavior, so we developed a new three-item scale 
We measured positive word of mouth with a three-1tem 
scale from Arnett, German, and Hunt (2003), and for par- 
ticipation, we adapted three items from Bettencourt’s 
(1997) study 

To assess measurement quality, we ran a confirmatory 
factor analysis (CFA) containing all constructs 1n our model 
(see Figure 2) using Mplus 4 2 (Muthén and Muthén 2007) 
To adjust for potential multivariate nonnormality, we used 
the scaled Satorra-Bentler procedure (Satorra and Bentler 
2001) for correcting the maximum likelihood chi-square 
variate as well as the standard errors of parameter estimates 
Moreover, because of a small ratio of sample size to esti- 
mated parameters (Nt = 17 1), we corrected the scaled 
Satorra-Bentler chi-square variate using Swain’s (1975) 
multipher (see Herzog and Boomsma 2009, Herzog, 
Boomsma, and Reinecke 2007) The overall fit indexes for 
the CFA met commonly accepted standards (72471) = 
636 389, p = 000, comparative fit 1ndex [CFI] = 958, 





1We created each item parcel by averaging four MLQ items that 
had been used to measure a particular subdimension 

2Our approach of using homogeneous item parcels as reflective 
indicators of brand-specific TFL and TRL 1s consistent with prior 
studies (е g , Bono and Judge 2003) On request of a reviewer, we 
also examined alternative structural equation approaches— 
namely, a formative indicator versus a reflective indicator mea- 
surement approach and a measurement approach with нет parcel- 
ing versus a measurement approach without item parceling for 
both leadership styles We concluded that both conceptual argu- 
ments and empirical evidence unequivocally support our original 
modeling approach (1e, reflective indicators based on item 
parcels) The empirical analyses are available on request 


Tucker-Lewis index [TLI] = 950, gamma hat = 965, root 
mean square error of approximation [RMSEA] = 036, and 
standardized root mean square residual [SRMR] = 047), 
which showed that the measurement model provided an 
acceptable fit to the data Furthermore, each construct had 
acceptable psychometric properties (see the Appendix) зп 
terms of Cronbach’s alpha and composite reliability (CR), 
the only exception being role identity autonomy (0, = 58, 
CR = 59) However, given the desire for multiple indicators 
and our belief that each of the items covered an important 
facet of the underlying construct, we decided not to drop 
any items from the scale Summary statistics, including 
means, standard deviations, and correlations among the 
variables under study, appear 1n Table 1 


Results 


The covariance structure model To test H,;—Hyo, we 
estimated the full structural equation model using Mplus 
42, again applying the scaled Satorra—Bentler procedure 
and the Swain correction The resulting overall fit measures 
indicate that our model 1s a plausible representation of the 
structures underlying the empirical data 72(498) = 737 114, 
p = 000, CFI = 940, TLI = 932, gamma hat = 950, 
RMSEA = 042, and SRMR = 068 

Of the 20 hypotheses, 16 were supported, with parame- 
ter estimates significant at least at the 5% error level and in 
the expected direction (the fully standardized solution 1s 
reported) As Ну„ predicted, brand-specific TFL signifi- 
cantly influences employees’ relatedness to the brand com- 
munity (у = 38, p < 01), role identity competence (у; = 
41, p < 01), and role identity autonomy (уз = 41, p < 01) 
ш a positive direction As Но, с predicted, relatedness to the 
brand community (B, = 60, p < 01), role identity compe- 
tence (fj = 28, p < 01), and role identity autonomy (Ва = 

18, p « 01) have a significant, positive impact on role 1den- 
tity internalization In turn, role identity internalization has 
a significant, positive effect on employees’ retention (B4 = 
42, p < 01), 1n-role brand-building behavior (В = 45, p < 
01), positive word of mouth (Bg = 68, p « 01), and partici- 
pation (f; = 38, р < 01), ın support of Нз, H4, Hs,, and 
Ha, Taken together, these findings support the proposed 
sequential pattern of the brand-specific TFL process TFL 
—) basic need satisfaction — role identity internalization > 
follower brand-building behavior 

With respect to brand-specific TRL, we predicted a 
negative effect on followers’ basic need satisfaction We 
find statistical support for this link with regard to role 1den- 
tity competence (ү; = — 15, p < 05) and role identity auton- 
оту (¥ = — 19, p < 05) but not with regard to relatedness 
to the brand community (y, = 11, not significant [n s ]), 
thus confirming Hg, and Hg, but not Hg, Furthermore, we 
predicted that thwarted need satisfaction leads to followers’ 
compliance As we expected, the link between role identity 
competence and compliance 1s negative and statistically sig- 
nificant (Bg = — 11, p « 05), as 15 the link between role 
identity autonomy and compliance (Bo = —49, p < 01), in 
support of Hz, and H}, However, we fail to find statistical 
support for Hz,, which suggests a negative link between 
relatedness to the brand community and compliance (Bg = 
—01, ns) However, taken together with the rejection of 


Hg, а more coherent picture emerges Although both role 
identity competence and role identity autonomy seem to be 
mediating variables 1n the brand-specific TRL process, 
relatedness to the brand community does not seem to con- 
tribute significantly to 1ts explanation We offer the follow- 
ing explanation for this finding In contrast to TFL, which 
explicitly appeals to followers' sense of collectivity, TRL, 
by из monitoring, evaluation, and contingent reward proce- 
dures, 1s a leadership style that concentrates on 1ndividual- 
level aspects of a worker's role identity, with collective- 
level issues being irrelevant for the leader's attempts of 
influence As such, a follower’s relationship to the corporate 
community seems to be virtually unaffected by the TRL 
behaviors of his or her supervisor 

Our hypotheses regarding the links between followers’ 
compliance and brand-building behaviors also received 
mixed support As Hg and Hj, predicted, compliance has а 
significant, negative effect on retention (B4; = — 19, р < 05) 
and positive word of mouth (B13 = – 15, p < 01) However, 
the negative path from compliance to participation, as Hjoy 
predicted, 1s not significant (B14 = —04, ns) Notably, the 
parameter estimate for the path linking compliance and 
1n-role behavior 1s significant, but 1n the reverse direction 
Фр = – 21, p < 01) This finding suggests that followers 
whose motivational base for acting as a corporate brand 
representative 1s mere compliance are not even likely to live 
up to prescribed standards However, our finding may also 
be due to the way we measured in-role brand-building 
behavior Although the 1tems pick followers' conformity to 
role expectations as a central theme, they may have also 
touched on the issue of followers’ personal responsibility to 
ensure this conformity, which would be more of a sign of 
extra-role behavior, which in turn tends to be negatively 
related to compliance 

In addition, we performed formal tests of mediation to 
examine the sequential pattern of effects hypothesized 1n 
our model We tested for direct paths from brand-specific 
TFL and TRL to internalization and compliance and from 
brand-specific TFL and TRL to employee brand-building 
behaviors Because we used the Satorra—Bentler scaled chi- 
square statistic for our calculations, we followed Satorra 
and Bentler’s (2001) recommended procedure to obtain the 
appropriate chi-square difference test statistics Only the 
model with a direct path from brand-specific TRL to par- 
ticipation led to a significant improvement of model fit 
(02401) = 7 58, p = 006) compared with our baseline model 
(see Figure 2) Thus, we conclude that compliance only par- 
tially mediates the effect of brand-specific TRL on partici- 
pation Note that the revealed direct path 1s positive (Ву< = 
20, p < 01) A possible explanation for this 1s that some 
followers misinterpret participation as а tool for impression 
management toward their supervisor In this case, followers 
may engage ın participation just for the sake of their boss's 
attention and goodwill This sort of participation may be 
elicited particularly by transactional leaders, who empha- 
size and reward open and visible performance However, 
except for this additional finding, our analyses support the 
hypothesized two-step mediation 1n the brand-specific TFL 
and TRL processes (Figure 3 depicts a graphic representa- 
tion of the results) 


Brand-Specific Leadership / 129 


“40 әш Jo мед se рәјешцѕә әле зиоцејелој SeyoN 
зешјој әеоѕ 1шод-алу е ој әјә: SenjeA || ve 





0 >d,, 
S0 >а, 
а= СЕЕ сЕ Se ees 
OOL SE #497 S0 „81 — a£ »„82 „415 202 „82 mU 88 09 € uogedioned || 
OOL 0S +} „68 — 484 +67 Sy aa LY axl} #x9G 94 9С Ӯ пош JO PJOM әлціѕоа 01 

001 „Ва „66 — ES «02 „£S „81 ok «x82 6S ЈЕ" 1омецеа Burpiing-pueiq әюл-и 6 

OOL „РЕ 4S8 „E «6L »»62 А 06 el 89? uonuejeH 8 

OOL 48£—- ,91— 2 06— «Sb 60- „„0Є— 28 0/1 еоивђашод Z 

00Р Sl seth lt ZE — Sv 99 ese uonezieuejul Auepi ајон 9 

00b „ОР x4 S£ „bE md 99 826 Кипшшоо pueJq ејеодоо ој ѕѕәирәјејән 9 

00! £r а! ale Z9 SOP eouejeduioo Ащиәрі әјон v 

00 L ^0 208 GZ сс Є Awouojne Ащиәр ајон 2 

OOL «I9 v8 212 791 ошоедз-ривла 2 

OOF 44 192 141 oyloeds-pueig | 
LE OL 6 8 Z 9 S t € © L as elN әаенел 


ѕәјаенед ү Арс биошу ѕиоцејәиод pue ‘ѕиоцеләа рлерџејс ‘Suea 
і 371971 


130 / Journal of Marketing, September 2009 


FIGURE 3 
Empirical Model 
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method variance was corrected are trimmed from the model 


The moderated regression analysis Нуу predicts that 
brand-specific TRL moderates the effects of brand-specific 
TFL on followers’ need satisfaction We tested this hypoth- 
esis by estimating the following nonlinear moderated 
regression equation 


Ү,= Во + В.Х + Boz + Ваха. + 3х7? + Е, 


where Y represents followers’ need satisfaction, X repre- 
sents brand-specific TFL, and Z represents brand-specific 
TRL (we obtained variable scores by averaging scale 
items) We followed Aiken and West’s (1991) suggestion to 
use mean-centered predictor variables Because we exam- 
ined three dependent variables—namely, relatedness, com- 
petence, and autonomy—we estimated the equation three 
times (for 1 relatedness, competence, autonomy) Н}; pre- 
dicts an inverse U-shaped moderator effect of brand- 
specific TRL on the effect of brand-specific TFL on follow- 
ers’ perceived autonomy, competence, and relatedness Hy, 
1s supported 1f the coefficients B,4 for the linear X x qua- 
dratic Z interaction term are negative and significant The 


results 1n Table 2 show for all three equations that the effect 
of brand-specific TFL on follower outcome variables 1s sig- 
nificant and positive and that the linear x quadratic inter- 
action effect ıs significant and negative, thus, Нуу 15 
supported 

This pattern indicates that the slope reflecting the 
ипрасї of brand-specific TFL on followers’ need satisfac- 
поп 1s not constant across the values of brand-specific TRL 
The positive effect of brand-specific TFL becomes larger 
when brand-specific TRL increases up to an optimal level 
However, when brand-specific TRL increases beyond this 
optimal level, the positive effect of brand-specific TFL 
becomes smaller (Figure 4 depicts a graphic representation 
of the results) 

One result should not go unmentioned With the 1nclu- 
sion of the interaction terms, the negative effect of brand- 
specific TRL on follower outcome variables drops from sig- 
nificance 1n all three equations However, this does not 
contradict our previous findings based on the structural 
equation model analysis, in which brand-specific TRL had a 


Brand-Specific Leadership / 131 


TABLE 2 
Results of the Moderated Regression Analysis 





Conditional Effects 
Brand-specific TFL (B4) 
Brand-specific TRL (8,2) 


Interaction Effects 
Brand-specific TFL x brand-specific TRL (Вз) 
Brand-specific TFL x brand-specific TRL squared (Вл) 


Notes Unstandardized coefficients are shown 


significant, negative effect on followers’ competence and 
autonomy perceptions It 1s 1mportant to recognize that the 
model examined in the current analysis 1s no longer additive 
but rather interactive, with the consequence that the 1nter- 
pretation of “main effects” 1s now different Given a signifi- 
cant interaction, beta coefficients of main effects estimate 
conditional relationships rather than general ones Then, 
main effects must be interpreted as the “average effect of a 
variable across all observed scores of the moderator 
variable(s) or, equivalently, as the effect of a variable at the 
average observed score on the moderator variable(s)” 
(Finney et al 1984, p 88) Although we did not make spe- 
cific predictions about a moderating effect of brand-specific 
TFL on the effects of brand-specific TRL on follower out- 
comes, the reciprocal character of interactions (Finney et al 
1984) enables us to meaningfully interpret the interaction 
the other way around From our centered equation, it fol- 
lows that the average effect of brand-specific TRL across all 
observed values of brand-specific TFL 1s nonsignificant In 
other words, the effect of brand-specific TRL on follower 
outcomes 1s nonsignificant at the mean of brand-specific 
TFL This finding 1s a useful piece of information because ıt 
indicates that an average level of brand-specific TFL 1s suf- 
ficient to offset the negative effects of brand-specific TRL 
on followers’ need satisfaction 


Discussion 


Study 1 clarifies how brand-specific transformational lead- 
ers and brand-specific transactional leaders affect follow- 
ers’ brand-building behaviors While the brand-specific TFL 
process works through a mechanism of internalization, the 
brand-specific TRL process works through a mechanism of 
compliance with the consequence that the former 1s more 
effective in leading to desired follower brand-building 
behaviors than the latter Moreover, the two approaches are 
related in a complex way When used moderately, brand- 
specific TRL adds to the value of brand-specific TFL 1n that 
it strengthens TFL’s positive effects on follower outcomes, 
when used heavily, brand-specific TRL detracts from TFL’s 
value 1n that 1t weakens 115 positive effect In turn, brand- 
specific TFL can offset the negative effects of brand- 
specific TRL Thus, our first conclusion is that brand- 
oriented managers should move toward a more TFL style 
while maintaining a moderate degree of TRL qualities 
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Whether and how managers can make this move 1s the sub- 
ject of our second study 


Study 2 


Study 2 addresses whether managers can learn brand- 
specific TFL Therefore, we assessed the effectiveness of an 
intervention designed to tram managers of a financial ser- 
vices company ın brand-specific TFL A persistent belief 
exists that leadership—specifically TFL—is unteachable 
(eg, Barker 1997) However, some evaluations of the 
effects of (transformational) leadership development pro- 
grams have been reported, suggesting that (transforma- 
tional) leadership can indeed be acquired through training 
and coaching (Barling, Weber, and Kelloway 1996, Deci, 
Connell, and Ryan 1989, Dvir et al 2002, Popper, Landau, 
and Gluskinos 1992) However, data from such studies are 
often of limited utility because they are grounded ш qualita- 
tive data or self-reported quantitative data of trained 1ndi- 
viduals and/or suffer from less rigorous research designs 
and statistical testing procedures (for a discussion of the 
problems associated with analysis of [co]vartance 1n experi- 
mental research, see Bagozzi and Ү 1989, MacKenzie 
2001, Russell et al 1998) To surmount these shortcomings, 
we conducted a field experiment using a pretest—posttest 
control group design and covariance structure modeling for 
the analysis of other-report (1e, subordinate-report) data 
We hypothesize the following 


Н; Brand-specific TFL can be learned 


To test this hypothesis, we examined whether leaders who 
received brand-specific TFL training (experimental group) 
were perceived by their subordinates as exhibiting higher 
levels of brand-specific TFL than leaders who did not 
receive training (control group) 


Method 


Participants and setting The study took place in a 
medium-sized financial services company that was in the 
midst of an organizationwide change effort toward cus- 
tomer orientation, into which our training program was 
integrated as a central component The company operates 
78 branch offices in ten regions, each of which offers the 
same products and services We obtained data for this study 


FIGURE 4 
Impact of Brand-Specific TRL on the Effects of Brand-Specific TFL on Follower Needs 
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from managers from the two regions who had been ran- 
domly selected to go through the traimmng first, we also col- 
lected data from their direct reports and used these other- 
report data to analyze the intervention effect We used a 
delayed-treatment strategy Specifically, the managers of 
one of the two regions were randomly assigned to the treat- 
ment condition, and the others were placed on a waiting list 
for the training and thus were assigned to the control condi- 
tion Although they were geographically separate from the 
managers 1n the control group, managers 1n the treatment 
group were asked to refrain from sharing their traming 
experiences with other managers or subordinates These 
arrangements were made to prevent threats to validity due 
to diffusion of the intervention. There were 29 managers 1n 
the treatment group (28 men, 1 woman, mean age = 425 
years) and 31 managers ın the control group (28 men, 3 
women, mean age = 43 8 years) In addition, of their 302 
direct reports, 222 (107 ın the treatment group, 115 ın the 
control group) participated by completing all question- 
naires, for a response rate of 74% 

We gathered data online at two specific times | Partici- 
pants completed the brand-specific MLQ one week before 
the training program commenced (Time 1) and four months 
after the training program (Time 2) The questionnaires 
were administered to managers and their subordinates so 
that both self-report ratings and other-report ratings on 
managers' brand-specific TEL behavior were available 
Each participant was assigned a unique URL to the online 
questionnaire so that his or her answers from Time 1 and 
Time 2 could be matched for data analysis 


Questionnaires and intervention The brand-specific 
MLQ consisted of the same 28 1tems that were used in the 
previous study to assess brand-specific TFL and TRL (we 
included ratings of TRL to test the training’s impact on TFL 
only and not on active leadership in general) 3 Managers 
were admunistered a self-report version, and subordinates 
received an other-assessment version to rate their supervi- 
sors’ leadership qualities Psychometric properties of the 
two measurement scales are appropriate and are reported in 
parentheses 1n the Appendix (subordinate perceptions at 
Time 1 and Time 2 are reported) We used a hybrid of 
group-based training sessions and individual counseling in 
the program 

First, regarding group-based training sessions, a two- 
day off-site workshop was designed and carried out by the 
first author and a professional trainer from the affiliated 
business school who 1s specialized in TFL trainings The 
two-day program comprised five parts The first part was 
devoted to explaining to the participants the need for the 
training and 15 embedding 1n the company's strategic mar- 
keting efforts and to signaling top management's commit- 
ment to it Accordingly, a member of the company's execu- 
tive committee handled this part The purpose of the second 
part was to familiarize participants with the central concepts 
of brand-specific TFL and TRL and to discuss their rele- 
vance to their own work situations Beginning with a case 


3Plus two additional items for the management-by-exception 
dimension of brand-specific TRL 
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study exercise, this part also included a lecture covering 
theory, empirical findings and practical examples, small 
group and plenary discussions and presentations, and video 
sequences depicting brand-specific transformational behav- 
1ors In the third part, aggregated group-level feedback on 
the managers’ brand-specific leadership style was provided 
based on the self-report and subordinate questionnaires at 
Time 1, and gaps were identified 1n a plenary session In the 
fourth part, equipped with the knowledge obtained through- 
out the previous parts, managers were placed ın groups to 
elaborate leadership principles that would help support their 
organization’s marketing (particularly branding) strategy 
Subsequently, each manager worked on his or her own to 
create an individual leadership vision and to verbalize it ın a 
written statement and then visualize it by means of a per- 
sonal collage This part of the training was completed by a 
small-group exercise in which managers jointly conceived 
of and discussed concrete actions to implement their leader- 
ship visions The fifth part of the training was devoted to the 
transfer of the training into the daily job routine, during this 
part, participants practiced a self-management technique 
based on the relapse-prevention model (Wexley and Bald- 
win 1986) 

Second, between four and eight weeks after the work- 
shop, participants received personal coaching In prepara- 
tion for these individual sessions, each manager was mailed 
his or her personalized brand-specific MLQ feedback report 
ш advance Data were presented 1n a format that partici- 
pants were familiar with from the initial workshop so that 
they could work through and interpret the data on their own 
The coaching session itself consisted of the first author 
spending one-and-a-half hours with each manager at his or 
her work location discussing the strengths, weaknesses, and 
discrepancies between self-ratings and subordinates’ ratings 
that the manager had identtfied ın his or her report, as well 
as opportunities for personal development Each manager 
defined two to three aspects that he or she wanted to 
improve, and these were then translated into a concrete per- 
sonal action plan for the following months Potential obsta- 
cles to the plan’s implementation were also identified, and 
individual coping resources for relapse prevention (ер, 
peer-coaching network, diary) were conceived of jointly 


Model Setup 


Because of several advantages over traditional methods of 
experimental data analysis (Bagozzi and Y1 1989, MacKen- 
zie 2001, Russell et al. 1998), we decided to use a covari- 
ance structure modeling approach to test Hj; Figure 5 
depicts the longitudinal covariance structure model, where 
Үз corresponds to Hj» 

As 1n the previous study, we used homogeneous item 
parceling (Coffman and MacCallum 2005) to model brand- 
specific TFL and brand-specific TRL as single-factor con- 
structs Thus, there were five measures to operattonalze 
brand-specific TFL at Time 1 and Time 2 and two measures 
to operationalize brand-specific TRL at Time 1 and Time 2 
We used the group code approach to represent group mem- 
bership, that 1s, we introduced a dummy variable in which 
membership 1n the control group was coded as 0 and mem- 
bership in the treatment group was coded as 1 Because 


FIGURE 5 
Latent Variable Model of Experimental Intervention Effects, Controlling for Preintervention Scores 
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identical measurement instruments were used at Time 1 and 
Tıme 2, we allowed for error covariances among identical 
measures at Time 1 and Time 2 (1e, seven error covari- 
ances were introduced) For example, we allowed the error 
term of the first 1tem parcel of brand-specific TFL at Time 
1, хү, to covary with the error term of that same variable 
measured at time 2, y, (see Figure 5) 


Results 


Again, we estimated the hypothesized model using the 
computer program Mplus 42 and applied the scaled 
Satorra-Bentler procedure and the Swain correction (see 
Study 1) The overall fit measures indicate that the model 


shown ın Figure 5 fits the data well 72(76) = 79 842, p = 
359, CFI = 998, TLI = 997, gamma hat = 998, RMSEA = 
015, and SRMR - 035 

The results reveal that our training had its intended 
effect, and thus the experimental 1ntervention was success- 
ful Note that brand-specific TFL and brand-specific TRL at 
Time 1 were not significantly correlated with the dummy 
variable (065, ns, and 037, n s, respectively), as would 
be expected given random assignment to experimental and 
control conditions. Inspection of the path coefficients from 
leadership styles at Time 1 to leadership styles at Time 2 
suggests that шиша! scores on brand-specific TFL signifi- 
cantly predict scores on brand-specific TFL after the inter- 
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vention (y; = 77, p < 01), accounting for 60% of the varia- 
tion in the dependent variable Accordingly, initial scores on 
brand-specific TRL significantly predict Time 2 scores on 
brand-specific TRL (ү = 71, p < 01), accounting for 50% 
of the variation 1n the dependent variable These results sug- 
gest that both leadership styles are determined to a great 
extent by people's prior attitudes and habits The estimated 
effect of the treatment on brand-specific TFL as measured 
at Time 2 1s positive and significant at the 1% error level 
(үз = 12, p < 01, R? = 01), indicating that our training 
intervention caused an increase in brand-specific TFL 
Moreover, as we expected, the intervention effect on brand- 
specific TRL was not significant (y4 = 001, ns), which 
supports the systematics of the treatment ^ Note that the 
training was designed to target participants’ brand-specific 
TFL rather than active leadership 1n general, which would 
have resulted 1n an 1ncrease 1n brand-specific TRL as well 


Discussion 


Study 2 assessed the effectiveness of a leadership training 
intervention as a means to show that brand-specific TFL can 
be learned Although our results showed that a great portion 
of managers’ leadership style remains stable over time, 
there was also a nontrivial increase 1n managers’ brand- 
specific TFL due to their undergoing the (тапипо More 
specifically, net of initial levels of brand-specific TFL, the 
experimental intervention accounted for 1% of the varia- 
tion 1n posttreatment brand-specific TFL However, as we 
intended, there was no change 1п brand-specific TRL due to 
the traming Thus, we conclude that a training and coaching 
intervention can be effective 1n systematically changing a 
manager’s leadership style toward more brand-specific 
TFL, which suggests that brand-specific TFL can indeed be 
learned 


General Discussion 


Findings from Study 1 


This research was driven by the question, What can man- 
agers do to enhance brand-building behaviors among their 
followers? To address this question, Study 1 examines how 
different styles of leadership affect customer-contact per- 
sonnel’s brand-building behavior and how they interact 1n 
producing effects This first study contributes to the litera- 
ture in three specific ways with regard to the effectiveness 
of brand-specific TFL versus brand-specific TRL, with 
regard to the different motivational mechanisms underlying 
the two leadership processes and, thus, to our understanding 


4On request of a reviewer, we also provide information on group 
means At Time 2, the managers 1n the treatment group (M = 3 84, 
SD = 66) were perceived as more transformational than the man- 
agers 1n the control group (M = 3 61, SD = 67) The Time 1 TFL 
scores 1n the treatment group (М = 3 76, SD = 74) are similar to 
the Time 1 TFL scores 1n the control group (М = 3 67, SD = 66) 
The TRL scores are similar for the treatment and the control group 
at Time 1 (treatment group М = 2 86, SD = 87, control group 
М = 2 82, SD = 80) and Time 2 (treatment group М =2 91, SD = 
84, control group М = 2 90, SD = 74) 
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of why one leadership style 1s more effective than the other 
with respect to different outcome categories, and with 
regard to the interaction of the two leadership styles in 
influencing followers 


Effects of brand-specific TFL versus TRL The results of 
Study 1 indicate that brand-specific TFL 1s more effective 
ın enhancing brand-building behaviors among followers 
than brand-specific TRL This 1s 1n line with prior empirical 
evidence that finds TFL to be superior to TRL with regard 
to a variety of criterion measures (for a meta-analysis, see 
Lowe and Kroeck 1996) MacKenzie, Podsakoff, and Rich 
(2001) report similar findings with regard to sales managers 
and their salespeople However, we found not only that 
brand-specific TRL 1s less functional than brand-specific 
TFL but also that 1t can be even dysfunctional regarding its 
effects on followers’ brand-building behaviors This 1s an 
important finding because, 1n general, TRL 1s believed to be 
positively linked to follower performance According to this 
logic, TRL serves a motivational function by strengthening 
both effort-performance expectancies and performance- 
outcome expectancies in followers (Yammarino, Spangler, 
and Dubinsky 1998) and therefore 1s a popular practice 1n 
many organizational functions—foremost 1n sales and cus- 
tomer service functions Indeed, there 1s sufficient evidence 
indicating that TRL can have a positive 1mpact on perfor- 
mance (for reviews, see Atwater et al 1998, Yammarino, 
Spangler, and Dubinsky 1998) However, in some studies, 
authors report (to their own surprise) negative relationships 
between TRL (in terms of contingent reward and 
management-by-exception) and performance (Hater and 
Bass 1988, Yammarmo, Spangler, and Dubinsky 1998) 
Researchers’ perplexity 1n the face of these findings may 
have derived from their use of different performance mea- 
sures as outcome variables and Фет neglect of mediators 
explaining TRL effects (Howell and Avolio 1993) Therein 
hes this article’s next contribution 


Working mechanisms of brand-specific TFL and TRL 
By defining the concept of employee brand-building behav- 
10г 1n terms of retention, 1n-role brand-building behaviors, 
and extra-role brand-building behaviors, we specified a set 
of behaviors that could serve as relevant performance 
variables 1n subsequent studies on customer-contact person- 
nel’s role in corporate branding, which would make further 
research more comparable In addition, our study advances 
the understanding of the mechanisms through which the 
two forms of leadership influence employees' brand- 
building behaviors We showed that brand-specific TFL 
works through a process of internalization, which 1s medi- 
ated through followers' satisfaction of their needs for auton- 
omy, competence, and relatedness with regard to their roles 
as brand representatives In contrast, brand-specific TRL 
works through a process of compliance, which 1s mediated 
through followers’ unsatisfied basic psychological needs 
with regard to their work roles This finding 15 particularly 
appealing because it 1s grounded in a sound theoretical 
rationale provided by SDT in combination with (social) 
identity theory Eventually, we respond to leadership schol- 
ars’ explicit call for further research on the mediating fac- 
tors that explain why transformational leaders 1n general are 


more effective than transactional leaders, and thus we 
demystify the notion of the “charismatic leader” (Bass 
1999) 

The interplay of brand-specific TFL and TRL Further- 
more, our study contributes to the debate on the interplay 
between the TRL and the TFL approach 1n influencing fol- 
lowers Рпог research examining the combined effects of 
TFL and TRL behaviors has done so mostly 1n terms of an 
additive model, which has led to the examination of the 
“augmentation effect" (MacKenzie, Podsakoff, and Rich 
2001, Waldman, Bass, and Yammarino 1990), in which the 
two forms of leadership act complementarily, with TFL 
adding to the impact of TRL However, we detected a curvi- 
hnear interaction effect between them, indicating that their 
relationship is not that straightforward We found that 
brand-specific TFL and TRL interact positively or nega- 
tively, depending on the level of brand-specific TRL When 
used at a low to moderate level, brand-specific TRL "adds" 
to brand-specific TFL 1n that 1t strengthens the latter's posi- 
tive effects on followers’ role experiences However, when 
used at higher levels, brand-specific TRL undermines 
brand-specific TFL’s positive effects By examining the 
augmentation hypothesis from a dynamic (re , multiplica- 
tive) perspective, we dissolve the contradiction between 15 
proponents (е 2, Bass 1985, Waldman, Bass, and Yam- 
marino 1990) and its challengers (e g, House [1996] 
stresses a detrimental effect of TRL behaviors on the effects 
of TFL behaviors), showing that both are nght depending 
on the level of TRL 


Findings from Study 2 


The utility of brand-specific TFL cannot be gleaned ade- 
quately without a demonstration that changing leadership 
styles 1s possible With this goal in mind, we devoted Study 
2 to examining whether managers can learn brand-specific 
TFL through (тапипр and coaching Therefore, we con- 
ducted a second study to assess the effectiveness of a brand- 
specific leadership training Our experimental data provide 
evidence that a traning and coaching intervention can be 
effective 1n changing managers’ brand-specific TFL style 
(as perceived by their subordinates) in the expected direc- 
tion even within a few months Thus, our results echo pnor 
results (e g , Barling, Weber, and Kelloway 1996) suggest- 
ing that a TFL style can indeed be learned An advantage of 
the current study over prior research 1s its прог in study 
design and data analysis Because longitudinal data from a 
treatment versus control group design were analyzed by 
means of covariance structure analysis, we are able to speak 
of “causal” effects of the training because the possibility of 
factors other than the treatment being responsible for the 
group differences can be ruled out reasonably well Further- 
more, through inclusion of preintervention scores of brand- 
specific TFL (and TRL), we were able to control for man- 
agers’ individual scores as they existed a prion to assess the 
stability of leadership styles (and enhance statistical power 
to detect the treatment effect) The path coefficient from 
brand-specific TFL (preintervention) to brand-specific TFL 
(postintervention) was 77 (denoting the estimated stability 
of brand-specific TFL), while the path coefficient from the 
experimental intervention to brand-specific TFL (post- 


intervention) was 12 Contrasting these effect sizes, the 
experimental effect may appear to be somewhat small 
However, compared with other studies on the effects of 
trainings, this pattern seems realistic (e g, Russell et al 
[1998] report an experimental effect of 24 versus an esti- 
mated stability of 71) Given that each manager’s leader- 
ship style has been formed through years of experience and 
habits, the training was undeniably impactful 


Limitations and Further Research 


A limitation of this research 1s that we obtained all data in 
the first study from one source (frontline employees) This 
brings the possibility of common method variance into play 
Therefore, we applied a technique that Podsakoff and col- 
leagues (2003, p 894, “controlling for the effects of a 
single unmeasured latent method factor”) discuss and rees- 
timated the model as shown in Figure 3 with an added 
"same-source" factor Even when we included the addi- 
tional factor, we retained the statistical significance of the 
hypothesized relationships (one nonsignificant path coeffi- 
cient [compliance — participation] became significant ın 
the expected direction [Bj4 = — 15, p < 05]) This suggests 
that the relationships observed 1n this study were not gener- 
ated by a methodological artifact (see Figure 3) Moreover, 
it 1s unlikely that common method variance would account 
for the curvilinear interaction effect because respondents 
would need an “iteraction-based theory" in their minds 
that could systematically bias their responses (Subrama- 
niam and Venkatraman 2001, p 372) 

Our approach of studying moderator effects with a mod- 
erated regression analysis may constitute a further limita- 
tion of the first study, because 1t does not account for mea- 
surement error Although several promising latent variable 
approaches for examining interaction effects have been pro- 
posed, they have not yet been conclusively evaluated 1n the 
psychometric literature Thus, we chose moderated regres- 
sion analysis as the traditional procedure for the sake of 
convenience 1n plotting the interaction effects (see Figure 4) 
and greater transparency for the reader Moreover, because 
unaccounted measurement error 1n a system of equations 1s 
likely to hinder the detection of 1nteraction effects (Singh 
1998), our estimates are rather conservative. Accordingly, 
we believe that the 1nteraction effects revealed 1n this study 
are not spurious effects 

Several avenues for further research stem from the 
current research Future studies could consider additional 
moderator variables that might modify the impact of brand- 
specific TFL For example, brand-specific transformational 
leaders may find more ready acceptance in a company with 
a strong brand image than 1n a “no-name” company Fur- 
thermore, employees might differ significantly in their pref- 
erence for either external or internal reinforcement (Avolio 
and Bass 2004) For example, salespeople may be less 
receptive to a transformational leadership style than other 
employees (e g , from the marketing department) because of 
a “carrot-and-stick” mentality within the sales function 
Moreover, although we examined the impact of brand- 
specific TRL on the effects of brand-specific TFL, we did 
not explicitly examine the impact of different tangible 
reward types (eg, bonuses, incentives, awards) or verbal 
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reward types (Deci, Koestner, and Ryan 1999, Jaworks1 and 
Kohli 1991), which would be of particular interest in the 
area of SDT 


Managerial Implications 


What can managers do to enhance brand-building behaviors 
among thei followers? This research suggests that man- 
agers should make a paradigm shift from a TRL to a TFL 
philosophy At first glance, specifying behavioral codices 
and scripts for employees dealing with customers and then 
monitoring and rewarding appropriate demeanor might 
seem to be an easy solution for obtaining adequate perfor- 
mance from employees representing the corporate brand 
However, we found that a highly transactional style was 
counterproductive in terms of followers’ motivational con- 
dition Managers would do much better by opening their 
minds to a TFL approach, which would entail behaviors 
such as articulating a unifying brand vision, acting as an 
appropriate role model by living the brand values, giving 
followers freedom to individually interpret their roles as 
brand representatives, and providing individualized support 
by acting as a coach and mentor This would allow follow- 
ers to experience the feelings of relatedness, autonomy, and 
competence in their roles as brand representatives, which 
would ultimately spill over into the commitment, authentic- 
ity, and proactivity that characterize a real brand champion 
However, this 1s not to suggest that brand-specific TFL on 
Its own 1s a panacea and that managers should refrain com- 
pletely from TRL It 1s difficult to conceive of an effective 
brand-oriented leader who would not at the same time clar- 


ify for employees their roles as representatives of the corpo- 
rate brand, monitor their performance, and provide ade- 
quate compensation Rather, this would be an important 
feature of brand-oriented leadership, bringing an otherwise 
too cloudy TFL style “down to earth” However, used to the 
extreme, TRL may make employees feel like string puppets 
dancing for the customer with their supervisors operating 
them from backstage In contrast, when used carefully and 
in a limited way, transactional behaviors are likely to be 
understood by subordinates as helpful guidance, fair and 
constructive feedback, and signs of appreciation, thus 
adding substantial value to a TFL style We believe that 
managers will be most successful 1n turning their crew into 
brand champions with a combination of a high level of 
brand-specific TFL and a moderate level of brand-specific 
TRL 

Admuttedly, it 1s one thing to suggest that a manager 
should exert more TFL but another matter on how to get 
there However, the current study explains the working 
mechanisms of the brand-specific leadership processes, so 
managers may now have an idea about the critical leader- 
ship qualities they need to show In turn, this should help 
them question their old ways of leading people and identify 
their personal need for improvement At the same time, this 
research can help organizations design brand-specific TFL 
training to support managers in their individual develop- 
ment plans Ulttmately, 1f firms strive to excel ın terms of a 
workforce made up of brand champions, they must provide 
an organizational culture 1n which brand-specific TFL can 
flourish 


APPENDIX 


Psychometric Properties of Measurement Scales 
Ss АИ МА ИПРА И DO MENOS LED MN 


Standard- 
ized 
Estimatea ab CRb 


.96 92 


Brand-Specific TFL (-95/.95) (.91/.91) 


Intellectual Stimulation 
(Parcel) 80 
*Reexamines critical 
assumptions of our 
brand promise to ques- 
tion whether they are 
appropriate 
«Seeks differing perspec- 
tives when interpreting 
our corporate brand 
values 
«Gets me to look at my 
Job in terms of a brand- 
ing task 
Suggests a brand pro- 
moter's perspective of 
looking at how to com- 
plete assignments 


Inspirational Motivation 
(Parcel) 87 
«Talks optimistically about 
the future of our corpo- 
rate brand 
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Standard- 
ized 
Estimate? ор CRb 


*Talks enthusiastically 
about what needs to be 
accomplished to 
strengthen our corporate 
brand 

*Articulates a compelling 
vision of our corporate 
brand 

eExpresses confidence 
that brand-related goals 
will be achieved 


Idealized Influence 
(Attributes) (Parcel) 90 
elnstills pride in me for 
being associated with 
our corporate brand 
«Goes beyond self- 
interest for the good of 
the corporate brand 
eLives our corporate 
brand in ways that build 
my respect 
*Displays a sense of 
power and confidence 
when talking about our 
corporate brand 
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Continued 
Standard- Standard- 
ized ized 
Estimate2 ор CR> Estimate® 
Idealized Influence eReacts with according 
(Behaviors) (Parcel) 87 sanctions if | do not 
eSpecifies the importance adhere to our standards 
of having a strong sense for brand-consistent 
of our corporate brand behavior ¢ 
«Talks about our most 
important brand values Contingent Reward 
and his/her belief in (Parcel) 95 
them *Points out what | will 
eConsiders the moral and receive if | do what 15 
ethical consequences of required from a brand 
our brand promise representative 
*Emphasizes the impor- *Tells me what to do to be 
tance of having a collec- rewarded for my efforts 
tive sense of our brand for brand-consistent 
mission behavior 
*Works out agreements 
Individual Consideration with me on what I will 
(Parcel) 76 receive if | behave in line 
eSpends time teaching with our standards for 
and coaching me in brand-consistent 
brand-related issues behavior 
«Treats me as an individ- «Talks about special 
ual rather than just one rewards for exemplary 
of many members of behavior as a brand 
[corporate brand name] representative 
eConsiders me as having 
different needs, abilities, Role Identity Autonomy 
and aspirations from 
other members of [cor- e| feel like | can make a 
porate brand name] lot of inputs to deciding 
*Helps me to develop my how to accomplish my 
strengths with regard to role as a brand 
becoming a good repre- representative 64 
sentative of our brand *| am free to express my 
ideas and opinions on 
.89 70 how to live my role as a 
Brand-Specific TRL (.92/.92) (.69/.68) brand representative 51 
eThere is not much oppor- 
Management-by- tunity for me to decide 
Exception Active (Parcel) 48 for myself how to live up 
Focuses attention on to my role as a brand 
irregularities, mistakes, representative (R) 55 
exceptions, and devia- 
tions from what 15 Role Identity Competence 
expected of me as a rep- 
resentative of our corpo- *People tell me | am good 
rate brand in my role as a brand 
*Keeps careful track of representative 70 
mistakes regarding «Most days | feel a sense 
brand-consistency of my of accomplishment from 
behavior my role as a brand 
eMonitors my perfor- representative 73 
mance as a brand repre- ein my role as a brand 
sentative for errors need- representative, | often do 
Ing correction not feel very capable (R) 61 
• 
пе Кец пене а Relatedness to Corporate 
consistent behavior Brand Community 
*Reprimands me when e] really like the people 
my performance 15 not from [corporate brand 
up to standards for brand- name] 79 


consistent behavior ¢ 
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qb 


CRb 
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Continued 
Standard- Standard- 
ized ized 
Estimate? ab CR> Estimate? ор CRb 
e| get along with people In-Role Brand-Building 
from [corporate brand Behavior .83 83 
name] 75 
*| consider the people eIn customer-contact sit- 
from [corporate brand uations, | pay attention 
name] to be my friends 66 that my personal appear- 
ance is in line with our 
Role Identity corporate brand's 
Internalization appearance 79 
(Second-Order Factor) .69 el see that my actions in 
Role Identity Salience соте Ше У 
(First-Order Factor) 82 81 83 dards for brand-adequate 
eFor me, working for [cor- behavior 78 
porate brand name] *| adhere to our standards 
means more than just for brand-congruent 
earning my living 82 behavior 78 
*Working for [corporate 
brand name] is an impor- Positive Word of Mouth 88 .89 
tant part of who | am 89 
*| often describe myself to *| "talk up" [corporate 
others by saying “I work brand name] to people | 
for [corporate brand know 82 
пате ог 1 am from el bring up [corporate 
[corporate brand name]" 63 brand name] in a positive 
way in conversations | 
Value Congruence 62 have with friends and 
*Please indicate the level acquaintances 89 
of overlap between your ein social situations, | 
and [corporate brand often speak favorably 
патејз value system about [corporate brand 
name] 84 
Compliance 73 74 
*Unless | am rewarded for 67 кашсрацап 2 Br 
it in some way, | see no *| let my supervisor know 
reason to expend extra of ways how we can 
effort on behalf of our strengthen our brand 
brand's image image 86 
*How much | champion 85 •! make constructive sug- 
our corporate brand is gestions on how to 
directly linked to how improve our customers’ 
much | am rewarded brand experience 92 
elf | have a useful idea on 
Retention .86 .87 how to improve our 
*| intend to leave [corpo- 83 brand's performance, 
rate brand name] within share it with my 
supervisor 71 


a short period of time 


(R) 

*| have decided to quit 83 
[corporate brand name] 
(R) 

*| am looking at some 84 


other employer now (R) 


———M——————— M ————€ a — 


aAll estimates are significant at p < 01 


Coefficient alphas are based on individual items, CRs are based on item parcels, numbers in parentheses denote coefficient alphas and CRs 


for Study 2 at Times 1 and 2, respectively 


cAdditional item for management-by-exception that was included in Study 2 

Notes (R) = reverse coded Study 1 x2(471) = 636 389, p= 000, CFI = 958, ТЫ = 950, gamma hat = 965, RMSEA = 036, and SRMR = 047 
Study 2 (Time 1) x2(13) = 22 346, p= 050, CFI = 988, TLI = 980, gamma hat = 988, RMSEA = 057, апа SRMR = 030 Study 2 (Time 
2) x2(13) = 19 739, p= 102, CFI = 991, TLI = 985, gamma hat = 991, RMSEA = 048, and SRMR = 022 
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Pierre Chandon, J. Wesley Hutchinson, Eric T. Bradlow, & Scott H. Young 


Does In-Store Marketing Work? 
Effects of the Number and Position 
of Shelf Facings on Brand Attention 

and Evaluation at the Point of 
Purchase 


Recent trends in marketing have demonstrated an increased focus on in-store expenditures with the hope of 
“grabbing consumers" at the point of purchase, but does this make sense? To help answer this question, the authors 
examine the interplay between in-store and out-of-store factors on consumer attention to and evaluation of brands 
displayed on supermarket shelves Using an eye-tracking experiment, they find that the number of facings has a 
strong impact on evaluation that is entirely mediated by из effect on visual attention and works particularly well for 
frequent users of the brand, for low-market-share brands, and for young and highly educated consumers who are 
willing to trade off brand and price They also find that gaining in-store attention is not always sufficient to drive 
sales For example, top- and middle-shelf positions gain more attention than low-shelf positions, however, only top- 
shelf positions carry through to brand evaluation The results underscore the importance of combining eye-tracking 
and purchase data to obtain a full picture of the effects of in-store and out-of-store marketing at the point of 


purchase 


Keywords point-of-purchase marketing, merchandising, in-store decision making, attention, eye tracking 


promotional budgets from traditional out-of-store 

media advertising to in-store marketing, and retail- 
ers are responding by adopting increasingly sophisticated 
shelf management and audience measurement tools (Еро! 
and Vollmer 2008) It 1s well known that large increases in 
total shelf space (eg, end-of-atsle displays) have strong 
effects on brand sales (e g, Bemmaor and Mouchoux 
1991), however, the evidence 1s less conclusive for 1n-store 
marketing changes that keep total category shelf space con- 
stant (e g , more shelf facings, different shelf position) On 
the one hand, some studies have shown that the position of 
a brand 1n a vertical or horizontal retail display influences 
quality expectations and, thus, choices (e g , Raghubir and 
Valenzuela 2008) On the other hand, the field experiments 


M arketers are diverting a growing proportion of their 
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Dréze, Hoch, and Purk (1994) conducted led them to con- 
clude that shelf position has a limited influence on brand 
sales and that additional facings have a limited impact after 
the minimum level necessary to avoid stockouts has been 
reached 

More important, prior research has not examined the 
effects of in-store marketing on visual attention and brand 
consideration (precursors of choice) Therefore, 1t cannot be 
determined whether the effects of in-store marketing on 
choice are mediated by enhanced attention and considera- 
tion or whether they influence choice directly (e g , because 
of quality inferences) Examining multiple measures of 
attention and evaluation 1s made more important by the 
trend toward using the point of purchase as an advertising 
medium aimed at building brand awareness and image over 
the long run and not just as a distribution channel (Egol and 
Vollmer 2008) In this context, attention and consideration 
may provide more sensitive and reliable metrics of in-store 
marketing’s effectiveness than choice Finally, prior 
research has not manipulated in-store factors independently 
of brand- and consumer-specific out-of-store factors, and 
therefore 1t 1s not possible to compare the relative impact of 
in-store and out-of-store factors or to determine whether 
in-store factors are more effective for low- or high-market- 
share brands or for regular users or nonusers 

Therefore, the objective of this article 1s to examine the 
interplay between in-store and out-of-store factors on con- 
sumer attention to and evaluation of brands displayed on 
supermarket shelves Drawing on research on shelf manage- 
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ment effects and on eye movements 1п scene perception, we 
develop a framework to assess the effects of important 
in-store (е g , the number and position of shelf facings) and 
out-of-store (eg, past brand usage, the brand’s market 
share, the consumer's demographics and shopping goals) 
factors on attention and evaluation We test the predictions 
derived from this framework in an eye-tracking experiment 
in which we manipulate or measure these factors for estab- 
lished and new brands with no out-of-store history 1n the 
United States 1n two product categories (soaps and pain 
relievers) Then, we estimate the effects of these factors on 
visual attention, visual reexamination, recall of visual atten- 
tion, brand consideration, and brand choice for a large sam- 
ple of representative U S shoppers exposed to life-size pıc- 
tures of supermarket shelves Finally, we use path analysis 
to decompose the total effects on evaluation into the direct 
effects (after controlling for attention) and the indirect 
effects (mediated by attention) 

This research provides new insights into four of the five 
issues that deserve further research, as identified ш Wedel 
and Pieters’s (2008) review of the eye-tracking literature 
(1) studying the interplay between bottom-up salience and 
top-down expectations in guiding attention, (2) examining 
eye movements using marketing stimuli other than print 
advertisements, (3) testing different attention metrics, and 
(4) investigating the relationship between attention and 
downstream marketing effects, such as purchases In par- 
ticular, we show that out-of-store factors directly influence 
evaluation and are not mediated by attention, whereas 1n- 
store factors primarily influence attention and, through that 
route, evaluation but do not always carry through to evalua- 
tion because of conflicting direct effects on postattention 
evaluation 

This research also contributes to the effort to develop 
better marketing metrics that include attention (Pechmann 
and Stewart 1990) We find that self-reported recall of 
visual attention 1s not a valid proxy for actual visual atten- 
tion to brands 1n a supermarket shelf display This raises 
doubts about the validity of audience measurement tools 
and academic studies using memory to infer exposure 
More generally, we find that marketers might misunder- 
stand the effects of in-store and out-of-store marketing if 
they only relied on self-reported attention or evaluation 
measures and that they need to combine a rich set of 1ndica- 
tors of these two stages of the decision-making process For 
example, our finding that brands influence both attention 
and evaluation given attention suggests that a complete 
measure of a brand's equity should combine eye-tracking 
and purchase decision data 

For managers, our main result 1s that all shelf-space 
actions are not equal We show that the number of facings 
has a consistent and positive effect on attention and, 
through attention, on evaluation and that 15 mfluence on 
choice 1s particularly strong for regular users, for low- 
market-share brands, and for young and highly educated 
shoppers who value both brands and low prices In contrast, 
the effects of shelf position are mixed Positioning brands 
on the top shelf and near the center of a shelf improves both 
attention and evaluation, but positioning them on the middle 
shelves helps attention without improving evaluation Posi- 
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tioning them on the left- or right-hand side of the shelf 
makes no difference to either attention or evaluation 


Attention and Evaluation at the 
Point of Purchase 


We organize the literature review and the hypothesis devel- 
opment according to the framework in Figure 1 In this 
framework, we distinguish between visual attention and 
higher-order stages of the decision-making process (sum- 
marized as “evaluation”) The framework also summarizes 
the in-store and out-of-store factors that influence attention 
and evaluation We examine these two characteristics of the 
framework in separate sections In the first section, we 
review the eye-movement literature in psychology and mar- 
keting to support the distinction between attention and 
evaluation and their measurement In the second section, we 
review the marketing literature to derive hypotheses about 
the main and interaction effects of the key in-store and out- 
of-store factors (see Figure 1) on attention and evaluation 


Attention Versus Evaluation: Insights from Eye- 
Movement Studies 


The distinction among recall, consideration, and choice 
is well established in the information-processing and 
decision-making literature streams (е g , Alba, Hutchinson, 
and Lynch 1991) In contrast, few studies have examined 
visual attention, and some studies actually use recall as a 
proxy for attention (eg, Barlow and Wogalter 1993, 
Raghubir and Valenzuela 2006, Shaw et al 2000) In this 
section, we review the key findings of the literature on 
visual attention 1n scene perception and its applications ш 
marketing These studies show how people visually process 
complex commercial scenes, how visual attention can be 
measured with eye-movement data, and why 1t 1s 1mportant 


FIGURE 1 
Drivers of Attention and Evaluation at the Point of 
Purchase 
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to distinguish between attention and the more evaluative 
measures of recall, consideration, and choice 


Eye movements in scene perceptions There 15 a broad 
consensus on the following aspects of how people visually 
process scenes (Henderson and Hollingworth 1999, Pieters 
and Wedel 2007, Rayner 1998, Wedel and Pieters 2008) 
What appears as smooth and conscious eye movements 
actually consist of eye fixations (during which the eye 
remains relatively still for approximately 200—500 millisec- 
onds) separated by rapid jumps, called saccades, that aver- 
age 3—5 degrees ın distance (measured ın degrees of visual 
angle), last 20-40 milliseconds, and during which no infor- 
mation useful for scene perception can be acquired Fixa- 
tions serve to project a small area of the visual field onto the 
fovea, an area of the eye with superior visual acuity (which 
corresponds to approximately twice the width of one's 
thumb at arm's length) In natural complex scenes, such as 
supermarket shelves, eye fixations are necessary for object 
identification, and therefore their location 1s a good indica- 
tion of visual attention 

Eye-movement studies have also shown that the “gist of 
the information” about a scene can be extracted preatten- 
tively and from peripheral vision during the initial fixation 
(Henderson and Hollingworth 1999) People can identify the 
semantic category of the scene (e g , a supermarket shelf), its 
spatial layout (е g , there are four shelves), and the level of 
clutter during the first eye fixation. Greater levels of detail 
for a given object (e g , brand name) require a fixation cen- 
tered on that object In applied eye-movement studies, the 
first fixation on an object 1s known as “noting,” and the sec- 
ond 1s known as “reexamination " Therefore, noting 1s based 
on a combination of prior (“‘out-of-store”) knowledge and of 
the ("in-store") low-level visual characteristics of the objects 
1n the scene gathered from prior fixations on other objects 
In contrast, reexamination 1s influenced more by the infor- 
mativeness of the object for the task at hand (eg, brand 
preferences, 1f the goal 1s consideration or choice) 

Finally, eye-tracking studies have shown that eye fixa- 
tions, but not peripheral vision, increase memory for the 
fixated object (Loftus, Hoffman, and Loftus 1999, Pieters, 
Warlop, and Wedel 2002) Conversely, Pieters and Wedel’s 
(2007) extensive review of the eye-movement literature 
concludes that people mostly experience smooth, uninter- 
rupted vision and that they are not aware of their own eye 
fixations This suggests that recall of attention 18 essentially 
the same as recall of brand names 1n terms of the underlying 
cognitive process (Hutchinson, Raman, and Mantrala 
1994) This 1s why 1n our framework we placed recall with 
consideration and choice among the measures of brand 
evaluation and not among the measures of visual attention 


Eye-movement studies in marketing Most eye-tracking 
research 1n marketing has been done 1n an advertising con- 
text (for a review, see Wedel and Pieters 2008), and only a 
few have examined visual attention to supermarket shelves 
Among these, Russo and Leclerc (1994) use sequences of 
consecutive eye fixations to 1dentify three stages of 1n-store 
decision making orientation, evaluation, and verification 
Pieters and Warlop (1999) show that time pressure and task 
motivation influence visual attention to the pictorial and 


textual areas of unfamiliar brands displayed on supermarket 
shelves Chandon and colleagues (2007) empirically 
decompose а brand's observed consideration level into its 
memory-based baseline and the “visual lift" caused by ın- 
store visual attention They also find that noting and reex- 
amination are only weakly correlated with brand considera- 
tion, confirming that the two constructs are empirically 
distinct Finally, Van der Lans, Pieters, and Wedel (2008) 
find that bottom-up factors (package brightness and color) 
are twice as important ın determining the speed of brand 
search as the top-down factor of being the target of the 
Search task or not 

Overall, eye-tracking studies 1n marketing have demon- 
strated the value of measuring attention, and not just evalua- 
tion, to better understand how people visually process com- 
mercial scenes and to measure the effectiveness of visual 
marketing stimuli However, these studies have not specifi- 
cally examined the effects of the number of facings or the 
effects of alternative shelf placements on both attention and 
evaluation, nor have they used multiple measures of these 
constructs With one exception (Chandon et al 2007), they 
have considered relatively small, simple displays with few 
brands and only one facing per brand More important, their 
experimental designs do not enable them to disentangle 1n- 
store effects from out-of-store effects, such as past brand 
usage Therefore, our main contribution 1s to provide a 
more thorough and methodologically rigorous analysis, 
especially 1n assessing the extent to which various effects 
on attention carry through to consideration and choice In 
addition, the use of multiple measures of both attention and 
evaluation enables us to examine whether recall of brand 
attention 1s a good proxy for attention and, thus, a substitute 
for eye-tracking data—an issue of significant importance 
for the future design of in-store experiments and managerial 
practice 


In-Store and Out-of-Store Effects at the Point of 
Purchase 


We define in-store factors as factors that cannot influence 
consumers without in-store visual attention The in-store 
visual factors reviewed in Figure 1 correspond to the basic 
shelf management decisions that retailers can make for any 
given brand, while keeping the total space devoted to the 
category constant They include the number of facings of 
the brand, its vertical position 1n the display, its horizontal 
position on the shelf, and its price Out-of-store factors are 
factors that cannot influence consumers without memory 
activation As Figure 1 shows, these factors are consumer 
specific (shopping goal, purchase criteria, and demograph- 
125), are brand specific (market share), or vary across both 
brand and consumers (past brand usage) In this section, we 
draw on existing research to develop hypotheses about the 
effects of each set of factors on attention and evaluation 


In-store factors All eye-movement studies of advertis- 
ing or catalog displays show that visual area strongly 
increases attention (Janiszewski 1998, Lohse 1997) Several 
shopper surveys (Inman, Winer, and Ferraro 2009) and field 
experiments (Chevalier 1975, Curhan 1974, Inman and 
McAlister 1993, Wilkinson, Mason, and Paksoy 1982) have 
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shown that large increases їп shelf space increase brand 
sales even when the price and location of the products 
remain unchanged (for a review, see Campo and Gysbrechts 
2005) Dréze, Hoch, and Purk (1994) study the brand sales 
impact of an increased number of facings, while holding the 
total space allocated to the category constant They find sig- 
nificant effects of increasing the display area between 3 and 
15 square inches but not beyond ! Therefore, we expect that 
increasing the number of facings has a positive but margin- 
ally diminishing effect on both brand attention and evalua- 
tion but a stronger effect on attention than on evaluation 
For this reason, we expect that most of the effect on evalua- 
tion 1s mediated by attention Still, because consumers 
believe that important brands are given precedence 1n retail 
displays (Buchanan, Simmons, and Bickart 1999), a high 
number of facings should also have a positive direct effect 
on evaluation through inference (controlling for attention) 
Eye-movement studies also suggest that not all shelf 
locations attract equal attention Chandon and colleagues 
(2007) find that the brands located near the center of two 
shelf displays were noted more often but were not consid- 
ered more often They speculate that this occurs because the 
first fixations tend to be ш the center of a scene and because 
people fixate on the center to orient their attention when 
transitioning between different locations of a scene How- 
ever, because they do not manipulate shelf location 1nde- 
pendently of brand, their results may be driven by brand 
effects rather than by location effects All the other studies 
of brand location effects examine consumer choice or brand 
sales Dréze, Hoch, and Purk (1994) find strong effects for 
vertical position, in which the best level 1s near the eye or 
hand levels (1 e , near the top shelves) and the worst level 1s 
the lowest shelf In contrast, they find weak effects for the 
horizontal position on the shelf, and these effects do not 
hold across all the categories A related stream of research 
examines the effects of the position of products 1n horizon- 
tal or vertical arrays (1e, one single row or column) of 
products Christenfeld (1995) finds that when multiple 
packages of identical products are available side-by-side on 
a supermarket shelf, people tend to choose the middle prod- 
uct Shaw and colleagues (2000) replicate these results and 
argue that they occur because center positions receive more 
attention (though this claim 1s based on recall data and not 
on direct measures of attention) In contrast, Raghubir and 
Valenzuela (2006) argue that position effects are not medi- 
ated by attention but rather by quality inferences, and they 
provide support for their hypothesis 1n the context of the 
evaluation of the performance of students or game show 
contestants depending on where they are seated In a subse- 
quent study, Raghubir and Valenzuela (2008) find that con- 
sumers believe that retailers place expensive, high-quality 
brands on the top shelves and cheaper brands on the bottom 
shelves but are uncertain as to what criteria retailers use to 
order brands from left to nght They find that when choos- 


TBecause most brands 1n the categories they study had display 
sizes of approximately 15 square inches, Dréze, Hoch, and Purk 
(1994) conclude that there was virtually no additional sales poten- 
tial of mcreasing the number of facings beyond their current level 
We return to this issue in the “General Discussion” section 
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ing among unfamihar wines, people tend to choose the 
brands located at the top or 1n the middle of vertical dis- 
plays and the brands located in the center of horizontal 
displays 

Therefore, we expect that brands positioned near the 
center of the shelf will receive more attention than brands 
located 1n either the vertical or the horizontal extremities of 
the display Because of the vertical position inferences, we 
expect a positive direct effect on evaluation of a position on 
the top shelves Thus, we expect that a middle vertical posi- 
tion helps attention and, through attention, evaluation, but 1t 
has a negative direct effect (relative to the top as baseline) 
on evaluation because people believe that the best products 
are placed on the top shelves Based on the literature, we 
make no specific prediction about the effects of a product 
being on the left- or right-hand side of the shelf on attention 
or evaluation Finally, because of the strong evidence for 
position-based inferences (especially regarding vertical 
position), we expect that the position of facings (unlike 
their number) has a direct effect on evaluation and that their 
effect on evaluation 1s not entirely mediated by attention 

The price of the brand posted on the sbelf 1s a combina- 
tion of the brand's regular price and temporary price reduc- 
tons Predicting the effect of shelf price on attention 1s dif- 
ficult because all price 1nformation 1s potentially relevant 
For evaluation, price should have a negative 1mpact on 
choice but a positive 1mpact on recall and consideration 
because 1t 1s a signal of quality 


Out-of-store factors main effects and interaction with 
in-store factors Recent research on in-store decision mak- 
ing has shown that most of the variance can be accounted 
for by out-of-store factors rather than in-store factors, par- 
ticularly by individual shopping traits and strategies (Bell, 
Corsten, and Knox 2009, Inman, Winer, and Ferraro 2009) 
In a large-scale study, Bell, Corsten, and Knox (2009) find 
higher levels of self-reported, unplanned category purchas- 
ing among consumers who were not focused on fast and 
efficient buying, 1n support of prior findings that consumers 
who enjoy shopping and browsing are more likely to make 
buying decisions in the store (Beatty and Ferrell 1998) 
They also find higher levels of unplanned category purchas- 
ing among higher-income and younger consumers, which 1s 
consistent with prior findings of higher unplanned buying 
among educated consumers (Wood 1998) These results 
lead us to expect that younger and more educated con- 
sumers, consumers who are not focused on fast and efficient 
buying, and consumers who are willing to trade off multiple 
purchase criteria (rather than follow a single price or brand- 
based rule) will show higher levels of attention and evalua- 
tion and will be more influenced by in-store marketing 

We now turn to out-of-store factors that vary across 
brands (market share) or across brands and consumers (past 
brand usage) Bemmaor and Mouchoux (1991) find that 
promotional end-of-aisle displays are more effective for 
low-market-share brands than for high-market-share brands 
This 1s because, regardless of consumers’ individual brand 
preferences, high-market-share brands advertise more, are 
more accessible 1n memory, and thus gain less from added 
1n-store visual salience (Fazio, Powell, and Wilhams 1989, 
Nedungadi 1990) Pechmann and Stewart (1990) find that 


people spend more time looking at magazine advertise- 
ments for high-market-share brands than for low-market- 
share brands Therefore, we expect that attention and 
evaluation will be higher for high-market-share brands and 
that in-store factors will have a stronger impact on low- 
market-share brands When differences in brand awareness 
and accessibility are accounted for (through the market 
share measure), past brand usage is an indicator of con- 
sumer preferences We expect that as with other top-down 
factors, preferences will increase attention and evaluation 
We also expect that past usage will increase the effects of 
in-store factors because consumers are unlikely to choose a 
brand that they have never used before, even if in-store 
marketing draws their attention to this brand, because such 
brands are likely to have been "permanently" eliminated 
from consideration. New products are a possible exception 
because absence of past usage does not necessarily 1ndicate 
rejection 

Finally, we expect that unlike in-store factors, which 
primarily influence attention, out-of-store factors influence 
evaluation and have only a marginal effect on attention 
Therefore, we expect that most of the effects of out-of-store 
factors on evaluation are direct and not mediated by atten- 
tion For the same reason, we expect to find stronger inter- 
actions between in-store and out-of-store factors for evalua- 
tion than for attention We tested all these hypotheses 1n an 
eye-tracking experiment in which we manipulated, for each 
brand 1n two categories, the in-store factors (shown in Fig- 
ure 1), manipulated or measured the out-of-store factors, 
and measured participants’ attention to and evaluation of all 
displayed brands 


Eye-Tracking Experiment 


Design and Stimuli 


As we show 1n Figures 2 and 3 and describe 1n more detail 
ш the Web Appendix (see http //www marketingpower com/ 
jmnov09), we created a fractional factorial design that 
enabled us to test the effects of the number and location of 
shelf facings independently of any brand-specific effects 
using 12 planograms 2 To test for diminishing. sensitivity, 
we used three levels for the number of a facings manipula- 
tion (4, 8, or 12 facings, corresponding to approximately 
45, 90, and 135 square inches 1n the picture) We used four 
levels for the vertical position of the brands (first, second, 
third, and bottom shelf) and four levels for their horizontal 
position (far-left, center-left, center-right, and far-right 
shelf) To create between-subject variation in prices, the 
brand’s shelf price was either the regular price at the time of 
the study or discounted by approximately 23% Additional 
analyses reported in the Web Appendix show that the frac- 
tional factorial design enables us to uniquely identify the 
main effects of in-store factors and their interaction with 
out-of-store factors and that these effects are not con- 
founded with brands 





2"Planogram" 1s the retailing term for a diagram that specifies, 
usually for a particular product category, the location and number 
of facings for each stockkeeping unit 


Participants randomly viewed 1 of the 12 planograms 
for each of two categories (soap and pain relievers), and we 
counterbalanced category presentation order across partici- 
pants As we report in the Web appendix (see http // 
www marketingpower com/jmnov09), category order only 
influences average recall because of a recency effect, and 
thus we do not discuss it further We also manipulated the 
shopping goal of the participants (between subjects) by giv- 
ing them either a brand choice or a consideration task 
before they looked at the displays This manipulation 
enabled us to determine whether the measurement of con- 
sideration (online versus retrospective) would create any 
biases It also provided us with an opportunity to test the 
robustness of prior findings on the effects of in-store 
marketing when consumers either are focused on buying a 
single brand or are simply browsing There were a total of 
48 experimental cells (12 planograms x 2 two shopping 
goals x 2 category order conditions) 

The stimuli were shelf displays of bar soaps and pain 
relievers We chose these categories because of their high 
penetration level and because the packages of all the brands 
1n these categories use the same “brick” design This mini- 
mizes the possibility that people recognize the brands with- 
out eye fixation and increases the effectiveness of our 
manipulation of in-store factors It also ensures that brand 1s 
not confounded with package shape or size We selected the 


FIGURE 2 
Planogram 1 for Soaps (Top) and Planogram 11 
for Pain Relievers (Bottom) 
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FIGURE 3 
Planogram Design and Coding 





Center Center 
Left Right 


Shelf 1 
Shelf 
Shelf 
Shelf 


Shelf 
Shelf 
Shelf 
Shelf 


OND = 


Shelf 
Shelf 
Shelf 
Shelf 


BON = 


Shelf 
Shelf 
Shelf 
Shelf 


e о N = 


Shelf 
Shelf 
Shelf 3 
Shelf 4 


Shelf 1 
Shelf 2 
Shelf 3 
Shelf 4 


alndicates that the price of the brand was discounted 


Far 
Right 


Center Center 
Left Right 





Notes Each number represents a block of 4 facings For soap, Numbers 1—12 are Dial, Ivory, Coast, Dove, Caress, Safeguard, Simple, Shield, 
Zest, Olay, Irish Spring, and Lever For pain relievers, Numbers 1—12 are Nurofen, Bayer, Advil, Апаст, St Joseph, Motrin, Tylenol, 


Aleve, Ecotrin, Wal-Proxen, Excedrin, and Bufferin 


top 11 brands in each category based on their US market 
share and added a 12th brand (intentionally) that was 
unknown to participants For this, we used two European 
brands Simple soap and Nurofen pain relievers, which 
were not available in the United States As Figure 2 shows, 
we used only the best-selling stockkeeping unit per brand 
(1e, size and form) so that sumple verbalized names would 
unambiguously identify the brands chosen and considered 
1n our task 
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The prices of the other brands were the average regular 
prices of these products in two major food store chains at the 
time of the experiment The prices of the two new brands 
were determined during pretests to position them as regional 
or store brands Prices 1n the sale condition were discounted 
by an average of 2396 (consistent with practice) but were not 
marked ın any special way (1 e , no “shelf talkers”) This was 
done to avoid confounding the effects of the price discount 
with the effects of 1n-store signage As Figure 3 shows, and 


as the Web Appendix details (http //www marketing 
power com/jmnov09), we manipulated price between sub- 
jects following a Latin-square design In each planogram, 
and for each participant, half the brands were on sale, and 
half were priced at their regular level To increase the face 
validity of the stimuli, we rounded prices to the nearest nine- 
ending number 


Procedure 


The data used 1n our analyses were collected 1n collabora- 
tion with Perception Research Services Inc. using the pro- 
cedure and stimuli typically used 1n commercial tests of 
package designs We recruited 384 adult shoppers (8 per 
experimental design cell) in shopping centers 1n eight U S 

cities and offered them $10 for their participation They 
were heads of households responsible for the majority of 
their household's grocery shopping Their ages ranged from 
24 to 69, they had at least a high school education, and they 
earned a minimum annual 1ncome of $25,000 We elimi- 
nated 20 participants because of a technical problem and 16 
participants who did not fill out the questionnaires com- 
pletely Because 4 participants provided eye-tracking data 
for only one category, we have 8304 observations (24 
brands for 344 participants and 12 brands for 4 participants) 

Participants were seated and told that they would see a 
senes of products like those found in stores Their eye 
movements were tracked using infrared corneal reflection, 
which does not require headgear The eye-tracking equip- 
ment recorded the coordinate of the fovea with a frequency 
of 60 readings per second and, from this information, 1den- 
tified when the eyes were still (which 1dentifies a fixation) 
and measured the duration of these fixations and the coordi- 
nates of the fovea during these fixations It then mapped the 
coordinates of the fovea to the position of each area of 
interest on the picture (e g , individual brands) 

Participants went through a calibration procedure that 
required them to look twice at a blank picture with five cir- 
cles projected on a 4 x 5-foot screen placed approximately 
80 inches 1n front of them After completing the calibration 
procedure, they were told that they would look at two pic- 
tures of supermarket shelves In the choice goal condition, 
the research assistant asked the participants, "Tell me the 
name of the one brand that you would buy" In the consider- 
ation goal condition, the research assistant asked the partici- 
pants, “Tell me the names of the brands that you would con- 
sider buying” In both conditions, participants were told to 
press a button immediately after they finished the task 
Pressing this button blanked the screen and enabled us to 
record the total time spent making the decision 

Attention measures The eye-tracking measures avail- 
able for each participant and category are the total time 
spent looking at the picture and the position and duration of 
each eye fixation Following the standard procedure 1n eye- 
tracking research, we eliminated fixations that lasted less 
than the 50 milliseconds required for 1nformation acquisi- 
tion in complex visual scenes perception (Van Diepen, De 
Graef, and d'Ydewalle 1995) The position of the eye fixa- 
tion shows whether the participant fixated on the package 
or on the price tag area of the brand However, because the 


price tag area 15 close to the bottom of the packages, it 1s 
difficult to attribute with confidence eye fixations that land 
between the price and the package areas to either one of 
them Therefore, we aggregated fixations to the brand level 
(1e, packages and price together) for the two attention 
varables noting (whether the brand was fixated on at least 
once) and reexamination (whether the brand was fixated on 
at least twice) These two measures are typically used in 
commercial eye-tracking package tests as the primary mea- 
sures of interest Of the 8304 observations, only 6 indicated 
recall without noting and only 1 suggested consideration 
without noting This shows that peripheral vision 1s not an 
issue 1n our setting and reinforces prior results that eye fixa- 
tions are a valid measure of visual attention (Wedel and 
Pieters 2008) Note also that these six anomalous results 
could have been caused by error 1n the recording of recall 
and consideration Conversely, among the 6013 cases of 
noting, 3949 were not recalled This already suggests that 
recall 1s an evaluation measure, not an attention measure 

Evaluation measures In the consideration goal condi- 
tion, a research assistant recorded the names of the brands 
considered as participants verbalized them during the eye- 
tracking task After the screen was blanked, the research 
assistant asked participants, "If you had to choose only one 
brand, which one would 1t be?" In the choice goal condi- 
tion, the research assistant recorded the name of the one 
brand chosen for purchase as participants verbalized 1t dur- 
ing the eye-tracking task After the screen was blanked, the 
research assistant asked participants, *Now, please tell me 
the names of the other brands that you considered buying, 1f 
any, when I asked you to choose one" This procedure 
enabled us to measure brand consideration and brand 
choice ın both shopping goal conditions After providing 
the consideration and choice 1nformation for the first cate- 
gory, participants followed the same procedure for the sec- 
ond category Thus, participants were 1n the same shopping 
goal condition for both products 

After the second eye-tracking task was completed, the 
research assistant measured recall of visual attention, first 
for the second category (which had just been seen) and then 
for the first category, by asking, "Thinking of the [soap or 
pain relievers] that you Just saw, please tell me the names of 
the brands that you remember seeing " The research assis- 
tant then asked the same question for the first product cate- 
gory After the recall measure, participants went to a sepa- 
rate room where they provided 1nformation about their past 
brand usage for each of the 24 brands and were asked gen- 
eral questions about their individual characteristics In total, 
each interview lasted approximately ten minutes 


Results 


Breadth and Depth of In-Store Attention and 
Evaluation 

The descriptive statistics were essentially identical for 
soaps and pain relievers, so we provide the average results 
for both categories Participants spent less time in the 
choice goal condition (М = 15 5 seconds) than 1n the con- 
sideration goal condition (М = 19 2 seconds, F(1, 347) = 
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73, p< 01) This shows that the shoppmg goal manipula- 
tion successtully encouraged people either to focus on fast 
and efficient purchasing (choice goal condition) or to be 
more open-minded and browse the shelf without needing to 
make an immediate decision Both purchase decision times 
are consistent with the measures recorded by in-store obser- 
vation studies (Hoyer 1984, Leong 1993) The noting and 
reexamination probabilities (72% and 51%, respectively) 
were similar to what 1s typical 1n commercial package tests 
and highly correlated (r 2 63) Recall was significantly 
lower (31%) than noting and reexamination, weakly corre- 
lated with attention, and strongly correlated with considera- 
tion (see Table 1) This shows that recall 1s biased toward 
preferred brands (see also Hutchinson, Raman, and 
Mantrala 1994) and provides additional evidence that it 
may not be a good proxy for visual attention (we return to 
this issue 1n the “General Discussion" section) 

Only 2446 of the brands (2 8 of 12) were included 1n the 
consideration set Therefore, participants considered only a 
third of the brands noted and just under half the brands 
reexamined These consideration sets are slightly smaller 
than those obtained in the ASSESSOR studies, perhaps 
because we did not have multiple product variants per brand 
(Hauser and Wernerfelt 1990) As Table 1 shows, consider- 
ation was weakly correlated with noting and reexamination 
and strongly correlated with recall and choice This shows 
that noting 1s not a direct proxy for brand consideration and 
that attention and evaluation need to be modeled separately 
In addition, the positive correlation between attention and 
evaluation does not show whether in-store factors caused 
consideration or whether people looked at the brands 
already in their long-term consideration sets 

The results for the two brands that no participant had 
seen before (Simple soap and Nurofen pain reliever) pro- 
vide a simple етршса! test of the effects of attention on 
evaluation As expected, we found that recall, consideration, 
and choice increased with the number of in-store fixations 
on these brands For example, brand choice increased from 
zero among people who never fixated on these brands to 
3 6% among people who fixated on them more than ten 
times (721) = 7 1, p< 01) Because participants had never 
seen these brands before the study, we can safely assert that 
in-store eye fixations caused these increases 1n recall, con- 


TABLE 1 
Correlation Between Attention and Evaluation 
Measures 
Attention Evaluation 
Reexami- Consid- 
Noting nation Recall eration Choice 
Noting 100 
Reexami- 
nation 63 100 
Recall 13 14 100 
Consid- 
eration 11 13 64 100 


Choice 08 10 40 54 100 
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sideration, and choice and were not themselves caused by 
memory-based out-of-store factors, such as prior usage 

Overall, these descriptive results show that in-store 
attention 1s limited and that higher attention can increase 
consideration and choice for new brands However, the low 
number of observations and the low purchase scores for the 
two new brands prevent us from obtaining reliable results 
regarding which specific in-store marketing activity was 
most responsible for the in-store attention that led to the 
improved purchase probabilities Even if we had more 
observations for these two brands, it would be important to 
study the effects of in-store factors for the other, established 
brands In the next section, we examine this issue for all 
brands by estimating five categorical (logistic or multi- 
nomual) regressions, one for each dependent variable As we 
describe ш the Web Appendix (see http //www marketing 
power com/jmnov09), these regressions take into account 
the mixed (within- and between-subject) nature of the data 
and deal with individual heterogeneity with a random inter- 
cept model Subsequently, we examine the direct and indi- 
rect effects of in-store and out-of-store factors using path 
analysis 


Regression Analyses 


To take into account the repeated measures structure of the 
data, we estimated separate random-effects binary logistic 
regressions for noting, reexamunation, recall, and considera- 
tion with in-store and out-of-store independent variables 
and with random brand and individual intercepts For the 
choice data, we estimated a conditional logistic regression 
(e, McFadden’s multinomial logit) because participants 
were constrained to choose only one brand per category, 
whereas they could note, reexamine, recall, and consider 
multiple brands The conditional logistic regression exam- 
ines how differences across brands explain which of the 12 
brands was chosen As a result, 1t cannot estimate the effects 
of consumer-specific out-of-store factors that are constant 
across brands for a given respondent and category (shop- 
ping goal, shopper trait, demographics, and category order) 

The variable names and definitions appear 1n Table 2, 
and the model specification appears in the Web Appendix 
(see http //www marketingpower com/jmnov09) Because 
the effects were similar for soaps and pain relievers, we 
aggregated the data across both categories Few of the inter- 
actions between in-store position and out-of-store factors 
were significant, and there was no significant increase 1n fit 
from including these interactions Therefore, Table 3 reports 
only the parameter estimates of the models that included the 
interactions of the out-of-store variables with the number of 
facings To facilitate the interpretation of the effect sizes, 
Figure 4 shows the mean noting, reexamunation, recall, con- 
sideration, and choice across the different levels of the key 
in-store and out-of-store variables We discuss unobserved 
brand and individual effects 1n the Web Appendix 


In-store effects Except for left versus right position and 
price (which had no effect), all in-store factors had large 
effects on attention, but these effects carried through 
weakly (and not uniformly) to evaluation The number of 
facings had strong and positive effects on both noting and 
reexamination that were marginally diminishing (as indi- 


TABLE 2 
Variable Names and Definitions 





Attention Variables 


NOTING, 1 if participant 1 fixated on brand jJ at least 
once and 0 if otherwise 
REEXAM, 1 if participant i fixated on brand j at least 
twice and 0 if otherwise 
ATTENTION, Ordered categorical variable that indicates, 
for each brand | and person i, whether the 
brand was (1) never fixated, (2) fixated 
exactly once, or (3) fixated at least twice 
Evaluation Variables 
RECALL, 1 if participant | recalled having seen brand 
J and 0 if otherwise 
CONSID, 1 if participant 1 considered buying brand | 
and 0 if otherwise 
CHOICE, 1 if participant i stated a choice to buy 


brand ј and 0 if otherwise 
EVALUATION, Ordered categorical variable that indicates, 
for each brand j and person 1, whether the 
brand was (1) neither chosen nor 
considered, (2) considered but not chosen, 
or (3) considered and chosen 


In-Store Factors 


FACING, —Ve if for participant 1, brand j had 4 

facings, 0 for 8 facings, and % for 12 
facings 
FACINGSQ, 58 if for participant 1, brand j had 8 facings 
and —' if otherwise (= FACING?) 
LEFT, V if the brand was on the left-hand side of 
the shelf and —/2 if otherwise 
HCENTER, If FACING, < 0 Ya if for participant 1, brand 


j touched the center of the shelf and —'2 if 
otherwise If FACING, = Ye 0 because 
brands with 12 facings occupy the whole 
left or right side of the shelf, making it 
impossible to determine horizontal position 
because the brand then touches both the 
center and extremity of the shelf Note that 
this coding makes HCENTER, and 
FACING, orthogonal 
TOP, Ve 1f for participant i, brand j was on the top 

two shelves and —l/^ if otherwise 


cated by significant quadratic effects) Going from 4 to 8 
facings increased the probabihty of noting the brand by 
28% (from 60% to 76%) and the probability of reexamining 
it by 40% (from 38% to 53%), but adding another 4 facings 
only added an extra 7% to noting (from 76% to 82%) and 
an extra 19% to reexamination (from 53% to 63%) The 
effects of facings on the three evaluation measures were 
also positive and statistically significant but were linear and 
of a smaller magnitude Going from 4 to 12 facings 
improved recall by 17% (from 28% to 33%), consideration 
by 18% (from 21% to 25%), and choice by 15% (from 7 7% 
to 8 8%) 

We assessed the effects of shelf location using separate 
variables for horizontal and vertical positions (see Table 2) 
We coded the horizontal position on the shelf with two 
binary variables LEFT indicated whether the brand was on 


VCENTER, Vo if for participant 1, brand j was on the 
middle two shelves and –12 if otherwise 
PRICE, The brand's shelf price in $, z-scored (for 
each category, mean = 0, variance = 1) 


Out-of-Store Factors 


MEDUSE, 2^ if participant 1 bought brand | 
occasionally in the past and —' if 
otherwise 
24 if participant ı bought brand j regularly in 
the past and —' if otherwise 
V» if the market share of brand J is in the 
top half of the category and —2 if 
otherwise 
Ye if participant ı was asked to name all the 
brands that he or she would consider 
buying and —17 if the participant was asked 
to name the one brand that he or she 
would buy 
25 if participant ı rated his or her 
agreement with the item "When buying 
[soap or pain relievers], price is more 
important than brand" as a 6 or 7 (1 = 
“completely disagree,’ and 7 = "completely 
agree”) and —' if otherwise 
24 if participant и rated his or her 
agreement with the item “When buying 
[soap or pain relievers], price 15 more 
Important than brand” as 3, 4, or 5 and -13 
if otherwise 
—' if participant и has a high school degree 
or less, 0 if he or she has some college 
education, and 1⁄2 if he or she has a 
college degree or more 
AGE, The mean-centered age of participant i, in 

decades (1e , 3 8 = age 38) 


HIGHUSE, 
HIGHMS, 


CSDGOAL, 


PRICESHOP, 


VALUSHOP, 


EDUC, 


Control Factors 


CATORDER, 1 if participant 1 viewed this category first 
and 2 if it was viewed it second 
BRAND, The brand-specific intercepts, equal to “12 


if | = Капа —! Иг if otherwise 


the left- or right-hand side of the shelf, and HCENTER 
indicated whether 1 was 1n the center or at the extreme ends 
of the shelf To illustrate the combined effects of LEFT and 
HCENTER ın an intuitive way, we report in Figure 4 the 
mean attention and evaluation for three areas of the shelf 
left, center (which combines both center left and center 
right), and right As Table 3 and Figure 4 show, being 
located on tbe left- ог mght-hand side of the shelf made no 
difference to either attention or evaluation However, brands 
were more likely to be noted and reexamined when they 
were near the center of the shelf than when they were 
located at its extremities (Mcenter = 80% versus Mextreme = 
65%), and the same pattern was evident for reexamination 
(center = 59% versus Mextreme = 43%) but not for recall 
Importantly, this effect carried through to consideration 
(Mcenter = 24 1% versus Mextreme = 22 9%) and choice 
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TABLE 3 


Categorical Regression Results: Unstandardized Parameter Estimates and Standard Errors 





Attention Evaluation 
NOTING REEXAM RECALL CONSID CHOICE 
In-Store Factors 
FACING 15“ (12) 14** (10) 50** (11) 55“ (12) 41“ (19) 
FACINGSQ —38** (07) —20** (06) — 01 ( 06) 00 ( 07) — 07 (10) 
ЦЕРТ 07 (06) 09 (06) – 02 (06) — 05 ( 07) — 13 ( 10) 
HCENTER 15* (08) 16* (07) — 06 ( 07) 06 ( 09) 27* (13) 
TOP 28** (06) 33** (06) 14* (06) 15* (07) 14 ( 10) 
VCENTER 13** (07) 15“ (06) – 04 ( 06) -11 (07) – 12 (11) 
PRICE 07 (05) – 02 ( 05) 11* (04) 10* (05) 01 (07) 
Out-of-Store Factors 
MEDUSE 25** (09) 28" (08) 15“ (07) 22“ (09) 20“ (18) 
HIGHUSE 55** (12) 77** (10) 30“ (11) 41* (13) 45* (19) 
MEDUSE x FACING – 12 (20) — 23 (18) 17 (17) 43" (20) 54 (42) 
HIGHUSE x FACING — 09 ( 27) — 43 (24) 59* (24) 67“ (27) 82“ (40) 
HIGHMS 09 ( 19) 32 (17) 17* (15) 18** (24) 31 (53) 
HIGHMS x FACING 14 (17) — 12 (15) 08 (16) – 52“ (20) —79* (34) 
CSDGOAL 10 (13) 15 (13) 12 (08) 27“ (09) — 
CSDGOAL x FACING 10 ( 16) 21 (14) 25 (15) 03 (18) – 37 (25) 
VALUSHOP 22 (14) 12 (14) 11 (08) 33** (09) 
VALUSHOP х FACING 11 (17) 09 (15) 04 (16) 03 (19) 54" (27) 
PRICESHOP — 01 ( 22) – 07 (21) — 04 (13) 02 ( 15) —0 
PRICESHOP x FACING — 05 (25) — 37 ( 23) 06 (25) – 12 (29) 53 (41) 
EDUC —55** (19) — 29 (18) 36“ (11) 07 (12) —c 
EDUC x FACING 10 ( 22) — 03 (20) 07 (21) 09 (25) 82" (35) 
AGE 03 ( 06) 02 (05) 00 (03) – 07“ (04) — 
AGE x FACING — 01 (01) 00 (01) — 01 (01) — 01 (01) – 03" (01) 
Control 
CATORDER — 01 (13) — 05 (12) 16* (08 04 (09) —c 
Brand effectsa 28 27 193** 164** 30** 
Participant effectsb 1000** 1185** 80** 58** —d 
*p« 05 
**p « 01 


aValue of omnibus test (%2, 18) that all brand intercepts are zero 


bValue of likelihood ratio test (y?, 1) that within-subject effects are zero (1e, р = 12172 + 02] = 0) 
cFactor removed from the choice model because it is constant for all the brands in the category 
dNot available in a conditional logistic regression (see Web Appendix at http //www marketingpower com/jmnov09) 


(Mcenter = 9 0% versus Mgxtreme = 7 796), though 1t was sta- 
tistically significant only for choice 

For vertical position, we used a similar coding as for 
horizontal position In the regressions, TOP indicated 
whether the brand was on the top two or the bottom two 
shelves, and VCENTER indicated whether it was on the 
middle two shelves (shelves 2 and 3) or on one of the two 
extreme shelves (Shelves 1 or 4, see Figure 4) To show the 
combined effects of these two variables, Figure 4 reports 
the means for the top shelf, for the middle two shelves, and 
for the bottom shelf Compared with positioning the brand 
on the bottom shelves, positioning ıt on the top shelves had 
a positive influence on all the dependent variables, increas- 
ing noting (Мтор = 74% versus Mgottom = 70%), reexamina- 
tion (Мтор = 54% versus Mgottom = 48%), recall (Мт = 
32% versus Moro = 30%), consideration (Мт, = 24 4% 
versus Mgottom = 22 6%), and choice (Мт, = 8 8% versus 
MbBottom = 7 9%, though this last difference was not statisti- 
cally significant) In contrast, positioning the brand on one 
of the middle two shelves helped attention (for noting, 
М\лайе = 80% versus Мұ, гое = 64%, for reexamination, 
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Муаае = 62% versus Мұ; геше = 40%), but these gains did 
not extend to evaluation, which was actually slightly lower 
for the middle two shelves than for the extreme shelves 
(though these differences were not statistically significant) 

The PRICE variable, the actual shelf price of the brand 
the participants saw (1e , regular or discounted), was trans- 
formed to have zero mean and umt variance within each 
category (as shown in Table 2) As with HIGHMS (the 
market-share variable), PRICE had no effect on attention, 
but high-priced brands were more likely to be recalled and 
considered 3 


3We obtained the same results using regular price (instead of 
final price) and a binary variable for promotion (which was never 
statistically significant) More detailed analyses of eye fixations on 
the price tags themselves (versus the packages) showed that this 
happened because the price discount manipulation did not draw 
attention to prices This 1s consistent with the findings in previous 
research regarding the low level of price search and the need to 
advertise price reductions (Dickson and Sawyer 1990, Woodside 
and Waddle 1975), which we did not do here 


FIGURE 4 
Mean Attention and Evaluation Levels Across Experimental Conditions and Brand and Subject Groups 
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Notes By design, the mean choice probability ts 42 for all levels of shopping goal, shopper type, and education and therefore is not reported 
for these variables For the horizontal position, L = left, C = center, and R = right For the vertical position, T = top, M = middle, and B = 
bottom For past brand usage @ = none, OCC = occasionally, and REG = regularly For market share, LO = low, and HI = high For 
shopping goal, СНО = choice, and CSD = consideration For shopper trait (attribute importance), BR = brand, VL = value, and PR = 
price For education, HS = high school, SC = some college, and C+ = college or more 


Out-of-store effects and interactions As we expected, 
out-of-store factors primarily influenced evaluation, though 
some also had statistically significant effects on attention 
Past usage increased noting (Мр шаг user = 76% versus 
Mnonuser = 71%) and reexamination (Mpegular user = 59% 
versus Mnonuser = 48%), and both effects were statistically 
significant. However, Figure 4 shows that these effects on 
attention are small and marginally diminishing, whereas the 
effects of past usage on evaluation are massive (for recall, 
MRegular user = 80% versus Mnonuser = 15%, for considera- 
tion, Mregular user = 80% versus Ммопиѕег = 6%, and for 
choice Мрериаг user = 49% versus Myonuser = 1%) 

The data support the expected interaction between 
usage and facings Increasing the number of facings had a 
lower effect among nonusers than among past users of the 
brand For example, increasing the number of facings from 
4 to 12 improved consideration by 26% (from 38% to 48%) 
among regular users but increased it by only 8% (from 
6 2% to 6 7%) among nonusers 

We also found the expected main and interaction effects 
of market share (captured by the HIGHMS variable) on 


evaluation but not on attention Noting and reexamination 
were not statistically different between high- and low- 
market-share brands, and increasing facings improved 
attention equally, regardless of market share For evalua- 
tion, however, high-market-share brands were more likely 
to be recalled (Mugs share = 47% versus Мү oy share = 14%), 
considered (Mpigh share = 39% versus Му ow share = 9%), and 
chosen (Миђрћ share = 14% versus My ow share = 2%) In addi- 
tion, a higher number of facings increased consideration 
and choice more for low-market-share brands than for high- 
market-share brands For example, increasing the number 
of facings from 4 to 12 increased choice by 60% (from 
19% to 3%) for low-market-share brands but increased 
choice by only 996 (from 13 496 to 14 796) for high-market- 
share brands 

We now turn to the consumer-specific variables In gen- 
eral, these factors had a stronger impact on evaluation than 
on attention (note that these factors could not influence 
choice likelihood, because all participants chose only one 
brand) As we expected, participants 1n the consideration 
shopping goal condition paid attention to more brands and 
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had larger consideration sets than participants who were 
asked to choose only one brand (but only the latte: was sta- 
tistically significant) The interactions of CSDGOAL with 
FACING were not statistically significant Overall, we 
could not replicate prior results on the difference between 
“browsers” and "fast and efficient" shoppers On the posi- 
tive side, this shows that the key results hold, regardless of 
whether consideration and choice were measured during or 
after the eye-tracking task 

To measure each participant's shopping trait, we asked 
them to rate their agreement with the пет “When buying 
[soap or pain relievers], price ıs more important than brand” 
on a scale anchored by “completely disagree” (1) and 
“completely agree” (7) Participants who answered 1 or 2 
were categorized as “brand shoppers”, those who answered 
6 or 7 were categorized as “price shoppers”, and those who 
answered 3, 4, or 5 were categorized as “value shoppers” 
because their response indicated that they were willing to 
trade off brand and price As we expected, value shoppers 
noted, recalled, and considered more brands (though only 
the latter was statistically significant), and their choices 
were more influenced by facings than the choices of either 
brand or price shoppers, who had the same attention and 
evaluation patterns 

With regard to demographics, we found that participants 
with a higher education paid attention to fewer brands but 
recalled more brands than participants with lower levels of 
education Consistent with prior research on the effects of 
education and income on impulse buying, the number of 
facings influenced choice more among highly educated 
consumers Finally, age had по umpact on attention, but 
older participants tended to consider fewer brands and were 
less responsive to changes 1n number of facings, which 1s 
also consistent with prior results on unplanned purchasing 


Mediation Analyses 


The separate analyses of noting, reexamination, recall, con- 
sideration, and choice enabled us to examine the effects of 
in-store and out-of-store factors on a detailed set of behav- 
1ors of 1mportant theoretical and practical interest However, 
the separate analyses provided estimates of the total effects 
of each factor on, for example, choice but did not estimate 
how much of this total effect was mediated by attention and 
how much was a direct effect on choice Drawing on the 
results of Zhang, Wedel, and Pieters (2009), who show that 
the effects of feature advertisements on sales are mediated 
by attention, 1t would be worthwhile to examine whether 
the effects of 1n-store factors on evaluation are also entirely 
mediated by attention and therefore are effective even if 
they have no direct effect on consideration or choice 
Finally, the similarities between the patterns of responses of 
the two attention measures and among the three evaluation 
measures imply that 1t may be useful to construct summary 
measures of attention and evaluation to provide single esti- 
mates of the effects of these factors on these two constructs 
To address these questions, we estimate simultaneously all 
the causal relationships 1n Figure 1 using a structural equa- 
tion model with observed variables (1e , a path analysis) 
Variables and method For the path analysis, we esti- 
mated the structural equation model shown in Figure 5 
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(including the brand dummies not shown) АП the variables 
were observed except the two error terms 21 and z2 Instead 
of the five separate dependent variables, we used two 
causally related ordered dependent variables attention and 
evaluation To compute the summary measure of attention, 
we leveraged the nested nature of noting and reexamination 
(because all the brands reexamined were also noted) to 
compute a three-level ordered categorical variable, ATTEN- 
TION,, which indicates, for each brand у and person 1, 
whether the brand was (1) never fixated, (2) fixated exactly 
once, or (3) fixated at least twice We also used the nested 
nature of the consideration and choice data (because all the 
brands chosen were also considered) to construct a three- 
level ordered categorical variable, EVALUATION, which 
indicates whether the brand was (1) neither chosen nor con- 
sidered, (2) considered but not chosen, or (3) considered 
and chosen We did not use recall data, because they were 
not perfectly nested (1e, 16% of considered brands were 
not recalled) However, the results are similar 1f we incorpo- 
rate recall data and compute a four-level ordered measure of 
evaluation by assuming that all the brands considered were 
also recalled 

To estimate the parameters of the path analysis, we used 
the Bayesian estimation procedure of AMOS 160 
(Arbuckle 2007) and generated 18,000 samples using the 
Markov chain Monte Carlo algorithm The Bayesian esti- 
mation enables us to study ordered-categorical data and, 
thus, to relax the assumption that all the levels of the 
ATTENTION and EVALUATION vartables are equally 
spaced It also enables us to obtain the 95% credible inter- 
val of the posterior distribution of direct, indirect, and total 
effects, which 1s problematic with other estimation proce- 
dures Regression parameters were estimated for each 
single arrow, and covariances were estimated for double 
arrows There are no correlations between vanables that 
were orthogonally manipulated (е g , FACING, LEFT) 


Path analysis results Figure 6 shows three unstandard- 
ized regression coefficients for the key in-store and out-of- 
store variables (1) The coefficient of the direct effect 
measures the шпрасе of each factor on evaluation after con- 
trolling for the effects of attention, (2) the coefficient of the 
indirect effect measures the impact on evaluation that 15 
mediated by attention, and (3) the coefficient of the total 
effect measures the sum of the direct and indirect effects of 
each factor on evaluation Because we normalized the range 
of all the independent vartables to 1, comparing the value of 
these coefficients gives us an indication of the size of their 
effects 

The path analysis shows that evaluation 1s primarily dri- 
ven by out-of-store effects, so we discuss these effects first 
As Figure 6 shows, indirect effects were small and often not 
statistically significant, showing that only a small fraction 
of the total effects of out-of-store factors on evaluation were 
mediated by attention For example, although the indirect 
effects of high past usage and high market share were statis- 
tically significant, they both accounted for only 3% of the 
total effects of these factors on evaluation 

Among in-store variables, the role of attention as 
mediator 15 much greater than for out-of-store variables 
This was especially true for the effect of facings, which was 


FIGURE 5 
Path Analysis Model 









KORE 
SS MeN eS 


A 





OSS 


Notes The path analysis model is shown here without the 20 brand intercepts, which are correlated with the measured variables in the top of 
the figure Variables in the left column were experimentally manipulated Variables in the top row were measured and therefore are cor- 
related Variables with dark background measure in-store effects Light arrows represent direct effects on evaluation Black arrows rep- 
resent indirect effects through attention Double arrows on the top represent covariances 


large and completely mediated by its effect on attention As 
1n the regression analyses, positioning the brand on the left- 
or right-hand side had no impact on either attention or 
evaluation Notably, the direct and indirect effects of being 
on the top two shelves (versus the bottom two shelves) were 
both positive and statistically significant, with the indirect 
effect accounting for 36% of the total effect In contrast, the 
positive indirect effects of a central, vertical, and horizontal 
position (1 e , the effects mediated by attention) were offset 
by their negative direct effects on evaluation The magni- 
tude of the negative effect was limited for horizontal center 
(which still had a positive and statistically significant total 
effect on evaluation) In contrast, the magmtude of the 
negative effect was large for vertical center (which had a 
negative but not statistically significant total effect on 
evaluation) Thus, the key result from this analysis 1s that 
the number of facings has a clear causal impact on evalua- 
tion that 1s mediated by attention, but the effects of location 
are mixed and attention-mediated effects are apparently off- 
set by direct effects 


General Discussion 


The objective of this research was to examine whether 1n- 
store shelf management works (1) Does 1t draw attention to 
the brand? (2) Does it influence brand consideration and 
choice beyond the contribution of out-of-store factors? (3) 
Do these effects depend on brand- and consumer-specific 
out-of-store factors? and (4) How much are the observed 
effects on brand evaluation mediated by attention? To 
answer these questions, we manipulated the number of fac- 
ings and the vertical and horizontal position of 12 brands of 
bar soap and pain relievers, while keeping total shelf space 
constant, and measured consumers' past usage, shopping 
traits, and demographics 


Effects of the Number and Position of Shelf 
Facings 


Our main result 1s that the number of shelf facings strongly 
influences visual attention and, through attention, brand 
evaluation In the best-brand scenario, for occasional users 
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FIGURE 6 
Path Analysis Regression Parameters for In-Store and Out-of-Store Variables: Direct Effects (Controlling 
for Attention), Indirect Effects (Mediated by Attention), and Total Effects on Evaluation 
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of a low-market-share brand, doubling the number of fac- 
ings improved noting by 26% (from 63% to 80%), reexam- 
ination by 33% (from 43% to 58%), consideration by 22% 
(from 24% to 29%), and choice by 67% (from 3% to 5%) 
For the average brand and consumer, doubling the number 
of facings increased noting by 28%, reexamination by 35%, 
and choice and consideration by 10% 

Therefore, our results stand in sharp contrast with 
Dréze, Hoch, and Purk’s (1994, p 324) conclusion that 
most brands would not benefit from additional facings 
beyond the current levels in actual markets Rather, our 
results support the conclusions from prior experimental 
studies that find an average 2 elasticity of brand sales to 
shelf space increases (Campo and Gysbrechts 2005) and 
those from the eye-tracking studies that find that display 
size 15 one of the most reliable drivers of attention (Wedel 
and Pieters 2008) Aside from the methodological differ- 
ences (eg, Dréze, Hoch, and Purk examine larger cate- 
gories, and their quasi-experimental field study does not 
manipulate the number and position of facings indepen- 
dently of brand), the discrepancy with their results 1s likely 
because we studied brand consideration and choice given 
category purchase and did not examine purchase quantity 
In contrast, Dréze, Hoch, and Purk study unit brand sales, 
which are influenced by brand choice but also by category 
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incidence and purchase quantity Empirical generalizations 
have shown that two-thirds of the variance 1n umt brand 
sales comes from category 1ncidence and purchase quantity 
decisions and that marketing actions have a lower impact on 
these two decisions than on brand choice (Van Heerde, 
Gupta, and Wittink 2004) 

Our findings on the relative effectiveness of different 
shelf positions for brand evaluation are broadly consistent 
with those of prior studies However, our mediation analy- 
ses reveal important differences between attention and 
evaluation that had not been anticipated in the literature, 
which has so far focused on inferential (versus attentional) 
effects We find that the position of facings strongly influ- 
ences attention (simular to our results for number of facings) 
but that attention gains from shelf position do not always 
improve evaluation (unlike our results for number of fac- 
ings) This ıs because shelf position, especially on the verti- 
cal dimension, also directly influences evaluation (after 
controlling for attention) and in a way that can either 
strengthen (when the brand is on the top shelf) or weaken 
(when the brand 1s on the middle shelves) the positive 
impact of higher attention For example, positioning the 
brand on the top shelf (versus the bottom one) increased 
noting by 17% and choice by 20%, and 36% of the gains in 
terms of brand evaluation came from attention In contrast, 


placing a brand near the horizontal center of a shelf (rather 
than on either of its ends) increased noting by 22% and 
choice by 17%, but all the evaluation gains came from 
attention because the direct effects on evaluation were actu- 
ally negative This shows that not all position-based 
improvement ın attention 1s equal ın its ability to improve 
evaluation It also reinforces the findings of Raghubir and 
Valenzuela (2008) that the effects of vertical position (and 
particularly the positive inferences associated with a high 
location) are stronger than the effects of being on the left- 
or the right-hand side of a shelf 


Implications for Managers 


The traditional justification for in-store marketing and 
attention studies is that “unseen 1s unsold” According to 
various studies, a majority of brand choice decisions are 
made inside the store, yet consumers only evaluate a frac- 
tion of the products available (Inman, Winer, and Ferraro 
2009) In this context, improved attention through in-store 
marketing activity should strongly influence consumer 
behavior at the point of purchase, and our results show that 
this 1s indeed the case, but only to a certain extent In addi- 
tion, our results show that improving attention 1s not a suffi- 
cient condition, because not all in-store attention drives 
choice 

We found that out-of-store factors influence visual 
attention but much less than in-store factors This 1s consis- 
tent with the results of Van der Lans, Pieters, and Wedel 
(2008) on the primacy of bottom-up factors in guiding 
visual attention and search among brands in supermarket 
displays Conversely, out-of-store factors have a much 
stronger ımpact than in-store factors on evaluation, and only 
a small fraction of this impact ıs mediated by attention 
Thus, the overall picture that emerges from our analyses 1s 
that 1n-store factors have powerful effects on attention that 
translate into small but reliable effects on brand evaluation 
These small effects build up over time and contribute to 
1ndividual-specific out-of-store factors This picture 1s con- 
sistent with the "trench warfare" metaphor often used for 
packaged goods sold in supermarkets Large battles for 
attention are waged every day, but the battle lines of market 
share change very slowly 


Attention as brand equity Among out-of-store factors, 
we found that past brand usage increases attention and not 
just consideration given attention or choice given consider- 
ation The positive 1mpact of past usage on attention 1s par- 
ticularly valuable because without attention, brand prefer- 
ence cannot affect consideration and choice In addition, 
past brand usage improves the effectiveness of facings in 
driving consideration and choice Importantly, our results 
suggest that brand usage does not just increase the expected 
utility of the brand It also decreases search costs and 
increases the effectiveness of in-store marketing, which in 
turn interact with expected utility to drive consideration and 
choice in a multiplicative way (1e, positive double јеор- 
ardy, Alba, Hutchinson, and Lynch 1991, Pechmann and 
Stewart 1990) This implies, for example, that a comprehen- 
sive measure of brand equity should use eye-tracking data 
to measure 115 attention-getting impact in addition to the 


typical measures of recall and preference given forced 
exposure 

We also found that after we control for individual differ- 
ences in brand usage, low-market-share brands were more 
responsive to facing increases than high-market-share 
brands This underscores the importance of distinguishing 
between liking and the overall higher brand accessibility of 
high-market-share brands Therefore, increasing the number 
of facings 1s particularly useful for niche brands with a 
loyal customer base Finally, we found that in-store market- 
ing works particularly well for younger, more educated, and 
“opportunistic” consumers, not because of differences in 
attention (attention patterns and the influence of in-store 
marketing were similar across all consumers) but rather 
because these consumers were more willing to consider and 
choose brands that were brought to their attention as a result 
of in-store marketing (1 e , less stickiness) 


Measures of potnt-of-purchase effectiveness For man- 
agers interested 1n developing metrics of point-of-purchase 
behavior, our results show that these behaviors can be 
clearly categorized into two groups, depending on whether 
they are based on attention and measured by eye move- 
ments (noting and reexamination) or are based on higher- 
order evaluative processes and measured by verbal reports 
(recall of visual attention, consideration, and choice) 
Although recall was nominally about attention, it should not 
be used as a proxy for visual attention First, recall misses 
approximately two-thirds of the brands that were actually 
fixated Second, and more important, recall ıs biased to 
favor highly evaluated brands This is consistent with 
research on brand recall tasks showing that a sufficient 
amount of elaboration is necessary for recall (Hutchinson, 
Raman, and Mantrala 1994, Lynch, Marmorstein, and 
Weigold 1988) Therefore, drawing inferences about visual 
attention from recall data would lead to important errors 
For example, shoppers with high education levels recalled 
more brand names but actually noted fewer brands on the 
shelves Therefore, we validate the claims of Pieters and 
Wedel (2007) and Wedel and Pieters (2008), who show that 
marketers need to measure attention and not just evaluation 
and that eye-tracking data are required to measure attention 
(for alternative methods using computer simulated environ- 
ments, see Burke et al 1992, Pechmann and Stewart 1990) 


Implications for Further Research 


The key issue for further research 1s to determine why some 
improvements 1n visual attention, such as those caused by a 
higher number of facings, reliably improve consideration 
and choice, whereas others, such as those gained by posi- 
tioning the brand on one of the middle shelves, do not A 
possible explanation ıs that some enhancements ın visual 
attention are driven by bottom-up visual characteristics, 
whereas others are goal directed and thus are more likely to 
lead to consideration and choice For example, a position in 
the center of the shelf may automatically improve noting 
and reexamination simply because of the limited visual 
angle of saccades (Rayner 1998) After having fixated on a 
brand at one end of the shelf, consumers who want to eval- 
uate brands located at the other end of the shelf are likely to 
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fixate on brands located in the center while on their way to 
the other end These “stepping-stone” fixations may mostly 
serve the “where” (orientation) component of attention 
rather than the “what” (identification) component (Liechty, 
Pieters, and Wedel 2003) In support of this speculation, we 
found that the mean and variance of the duration of eye 
fixations (gaze) were shorter for the 25% of fixations 
located nearest to the center of the shelf than the 25% of 
fixations farther away from the center (Mcenter = 249 mil- 
liseconds versus Mgxtreme = 270 milliseconds, t = 3 0, p < 
05, O7 center = 09 versus G2p treme = 14, Levene statistic 
(1) =3 9, p « 05) This 15 also consistent with prior results 
showing that gaze duration 1s shorter for less informative 
objects (Henderson and Hollingworth 1999) 

Marketplace metacognitions provide another explana- 
tion for the dissociation between attention and evaluation 
As Buchanan, Simmons, and Bickart (1999) posit, 1t may be 
that people homogeneously expect that a higher number of 
facings indicates an important brand In contrast, there may 
be more heterogeneity in the inferences people make based 
on the shelf location of the brands For example, Raghubir 
and Valenzuela (2008) find that people who wanted to buy 
premium brands tended to choose brands on the right-hand 
side of horizontal displays, whereas people who wanted to 
buy value brands preferred those 1n the center In contrast, 
there 1s converging evidence from a variety of studies that a 
high vertical position 15 universally associated with positive 
evaluation and with power (Meier and Robinson 2004, 


Schubert 2005) Therefore, an explanation of our results 
may simply be that the participants had a preference for 
premium soaps and pain relievers and thus avoided those 1n 
the center of the shelf and favored those on the top shelf 

Understanding consumer decision making at the point 
of purchase would also benefit from better measurement of 
the dependent and independent variables For example, it 
would be helpful to directly measure the effects of brand 
accessibility and liking and to examine how they interact 
with in-store factors Another issue would be to examine 
whether there are any additional mediators between atten- 
tion and evaluation and whether some factors moderate the 
attention-to-evaluation path More generally, ıt would be 
useful to study the extent to which attention, consideration, 
and choice may simply be indicators with different thresh- 
olds of the same latent construct (е g , the brand’s utility) or 
whether they represent qualitatively different decisions. Our 
finding that attention 1s largely influenced by factors other 
than those that influence choice indicates that 1t may be a 
causal (formative) antecedent of choice and not simply 
another reflective indicator of the same construct To 
address this issue, researchers would need to build an inte- 
grative model of attention, consideration, and choice that 
uses all the information collected here Such a model would 
also show whether researchers need to measure attention 
and choice or whether they can infer these stages with the 
choice data alone, as 15 typically done ın such multistage 
models 
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When Customer Love Turns into 
Lasting Hate: The Effects of 
Relationship Strength and Time on 
Customer Revenge and Avoidance 


This article explores the effects of time and relationship strength on the evolution of customer revenge and 
avoidance in online public complaining contexts First, the authors examine whether online complainers hold 
a grudge—in terms of revenge and avoidance desires—over time They find that time affects the two desires 
differently Although revenge decreases over time, avoidance increases over time, indicating that customers indeed 
hold a grudge Second, the authors examine the moderation effect of a strong relationship on how customers hold 
this grudge They find that firms’ best customers have the longest unfavorable reactions (1 e , a longitudinal love- 
becomes-hate effect) Specifically, over time, the revenge of strong-relationship customers decreases more slowly 
and their avoidance increases more rapidly than that of weak-relationship customers Third, the authors explore a 
solution to attenuate this damaging effect—namely, the firm offering an apology and compensation after the online 
complaint Overall, they find that strong-relationship customers are more amenable to any level of recovery attempt 
The authors test the first two issues with a longitudinal survey and the third issue with a follow-up experiment 


Keywords service failure recovery, customer revenge, customer avoidance, online public complaining, customer 


relationships, time effect 


grown exponentially with the Internet (The Econo- 

mist 2006) “Homemade” anticorporation Web sites 
(е g , Starbucked com) represent only the tip of the iceberg 
of online public complaining, a phenomenon defined as the 
act of using the Internet to publicly complain about firms 
Now, a vast array of online third-party organizations offers 
preformatted platforms that customers can use with even 
more convenience For example, complaint Web sites (е 2, 
Complaints com) and consumer agencies (e g, bbb org) 
provide online environments 1n which customers can post 
their misadventures and chat with others User-generated 
content Web sites, such as YouTube com, also offer accessi- 
ble venues for complaining In light of these developments, 
the business press has identified online complaining as a 
growing threat that needs managers’ consideration (Anely 
2007, McGregor 2008) Yet, despite these warnings, this 
phenomenon has received limited attention (for an excep- 
tion, see Ward and Ostrom 2006) 


Т: potential for customers to get even with firms has 
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To guide managers’ actions, the current research exam- 
ines the evolution of online complainers’ grudges over time 
In this examination, we pay special attention to firms’ best 
customers—that 1s, those who believe that they have strong 
relationships with firms Specifically, we focus on three 
core and unstudied issues 


1 Do online complainers hold a grudge against firms over 
time? 


2 І so, how does a strong relationship affect the evolution of 
this grudge? In other words, do firms’ best customers hold 
this grudge over a longer period than other customers? 


3 Can firms attenuate such a love-becomes-hate effect by 
offering a recovery after the online complaint occurs? 


Our first question 1s important because managers need 
to know whether online complainers naturally reduce their 
retaliation over time If online complainers persist, man- 
agers may need to act to stop them The current research 
posits that complainers hold a grudge against firms as long 
as they maintain a desire for revenge (1e, punishing and 
causing harm to firms) and/or a desire to avoid any form of 
interactions with the firms (McCullough et al 1998) 
Despite recent progress on customer revenge or vengeance 
(Bechwati and Morrin 2003, 2007) and avoidance (Zourrig, 
Chebat, and Toffoli 2009), the evolution of these desires 
over time remains unexplored for consumers 1 

To date, predictions about the effects of time on cus- 
tomer revenge and avoidance rely more on intuition than 





Іўе use the concepts of "revenge" and “vengeance” synony- 
mously in this research 
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theory For example, a popular adage 1s that “tıme heals all 
wounds,” which suggests that revenge and avoidance fade 
away with time Indeed, some evidence shows that because 
of its association with intense cognitions (McCullough, Fin- 
cham, and Tsang 2003) and emotions (Bonifield and Cole 
2007), a desire for revenge may be difficult to sustain and 
should decrease over time (Bies, Tripp, and Kramer 1997) 
Nevertheless, the same may not be true for avoidance This 
second desire may increase over time, sustaining complain- 
ers’ grudges Indeed, as ште passes, these customers may 
remain unwilling to forget the incident, leading them to 
transfer their patronage to other firms These differentiated 
effects of time on revenge and avoidance constitute the 
baseline effects of our research and our first contribution 

In light of a potential grudge holding, our second ques- 
tion becomes especially crucial Given the profitability of 
strong-relationship customers (Hogan, Lemon, and Rust 
2002), firms need to know whether their best customers 
hold grudges more permanently Thus, we make our second 
contribution by examining (for the first tıme ın the litera- 
ture, to the best of our knowledge) the moderating role of a 
customer relationship on the effects of time on revenge and 
avoidance On the basis of growing evidence that relation- 
ship strength may amplify customers’ negative responses 1n 
service contexts (Aaker, Fournier, and Brasel 2004, Aggar- 
wal 2004, Dawes 2009, Grégoire and Fisher 2008), we рге- 
dict that a form of love-becomes-hate effect takes place 
over time Compared with customers who have weaker rela- 
tionships, the desire for revenge of strong-relationship cus- 
tomers should be maintained over a longer period, and their 
desire for avoidance should increase more rapidly Given 15 
damaging effects on firms, a longitudinal love-becomes- 
hate effect constitutes our core contribution 

As the next logical step, our third question explores the 
possibility that firms can attenuate this love-becomes-hate 
effect by offering an apology and compensation (after the 
online complaint) Although the revenge of strong- 
relationship customers is more sustainable (when no action 
18 taken), we propose that a modest recovery attempt should 
substantially reduce this desire and “break” the love- 
becomes-hate effect This third contribution 1s based on the 
work of Ringberg, Odekerken-Schroder, and Christensen 
(2007), who find that the relational orientation of strong- 
relationship customers makes them more amenable to 
recovery efforts 

In the remainder of this article, we first develop the 
hypotheses related to our first two issues Then, we test 
these hypotheses with a longitudinal survey of online com- 
planers (Study 1) In light of these findings, we perform a 
follow-up experiment (Study 2) that specifically examines 
the effect of a postcomplaint recovery attempt (1e, third 
issue) 


Conceptual Background and 
Hypotheses 
In this section, we describe the conceptual background of 
the research by defining online public complaining and our 
two focal constructs (1 e , revenge and avoidance) We then 
present the hypotheses related to our first two core issues 


Online Public Complaining Context 


In contrast to private complaining (те, when customers 
voice their concerns only to firms), public complaining 
involves customers going beyond firms’ borders to alert the 
public about a service failure episode (Singh 1988) 
Although public complaining occurs less frequently than 
private complaining, it deserves special attention because of 
its damaging consequences for firms, especially in an 
online context (Ward and Ostrom 2006) 

Not all service failure situations are likely to lead to 
online and public actions Customers typically engage in 
online public complaining when a service failure 1s fol- 
lowed by failed recoveries—that 1s, when firms keep failing 
to address customers’ private complaints (Ward and Ostrom 
2006). In summary, most online complainers have been the 
“victims” of a senes of failures, a situation that leads them 
to experience vivid desires for revenge and avoidance 
(Bechwati and Morrin 2003, Bonifield and Cole 2007) 


Desire for Revenge Versus Desire for Avoidance 


Accordingly, our two focal constructs are the desire for 
revenge and the desire for avoidance These two constructs 
are appropriate because they reflect the presence of a cus- 
tomer grudge or lack of forgiveness (Aquino, Tripp, and 
Влез 2001, Wade 1989), which 1s likely to characterize 
online public complaining Formally, a desire for revenge 1s 
defined as customers’ need to punish and cause harm to 
firms for the damages they have caused (Bechwati and Mor- 
rin 2003, Grégoire and Fisher 2006) In turn, a desire for 
avoidance 1s defined as customers’ need to withdraw them- 
selves from any interactions with firms (McCullough et al 
1998) These two desires are related because both reflect 
customers’ inability to “let go” (Finkel et al 2002) As long 
as customers maintain these desires (or one of them) over 
tıme, they hold a grudge against firms and fail to forgive 
(McCullough, Fincham, and Tsang 2003) 

Though related, these two desires are also conceptually 
distinct (McCullough et al 1998), and they lead to different 
actions Whereas a desire for revenge 1s associated with 
punishments directed at firms, avoidance 1s more passive 
and relies on escape Using a “fight—flight” analogy, we can 
describe a desire for revenge as constituting the essence of a 
"fighting" strategy, and it 1s at the origin of most retaliatory 
behaviors, such as private vindictive complaining (Bonifield 
and Cole 2007), negative word of mouth (Grégoire and 
Fisher 2006), and public complaining through online 
venues (Ward and Ostrom 2006) In turn, a desire for avoid- 
ance motivates customers to “take flight” by reducing their 
patronage of firms to avoid further damage Note that 
revenge and avoidance are not mutually exclusive, both 
desires can coexist For example, a customer can diminish 
his or her patronage (1e, avoidance) while talking nega- 
tively about a firm to friends and on complaint Web sites 
(1e , revenge) 


The Effects of Time on Revenge and Avoidance: 
The Baseline Effects 


Given their different nature, we posit that the revenge and 
avoidance desires evolve following different patterns over 
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time (see Figure 1) The specification of these patterns 1s 
important for both theoretical and managerial reasons First, 
they constitute the baseline effects on which the rest of our 
logic lies (1e, a love-becomes-hate effect) Second, they 
address our first core issue Do customers hold a grudge 
over time? 

On the one hand, we assert that a desire for revenge 
decreases over time as its related emotions (1e, anger), 
negative cognitions (1e, rumination and betrayal), and 
retaliatory behaviors become too costly to maintain A 
desire for revenge 1s associated with extensive psychologi- 
cal resources—in terms of emotion (Bonifield and Cole 
2007) and cognitions (Ward and Ostrom 2006)—that are 
difficult to sustain over time (Влез, Тпрр, and Kramer 
1997) This desire also leads to retaliatory actions that 
require energy to plot and pursue without any promuse of 
material gains (Bechwati and Могпп 2003) Maintaining 
such a high level of investment appears unreasonably costly 
for customers, who naturally aspire to reduce their psycho- 
logical costs over time (Tripp and Bies 1997) Furthermore, 
this decreasing pattern may be supported by a potentially 
“quenching” effect of online public complaining Cus- 
tomers may believe that they have satisfied their desire for 
revenge by taking public actions against the firms 

On the other hand, we argue that a desire for avoidance 
increases over time Although McCullough, Fincham, and 
Tsang (2003) and McCullough, Bono, and Root (2007) find 
a decreasing pattern of this desire in intimate relationships, 
we suggest the opposite direction 1n the consumer context 
because commercial relationships are more replaceable 
(Aggarwal 2004) After online public complaining, cus- 
tomers still may be unwilling to view their relationship as ıt 
was before the service failure Then, such customers 
increasmgly turn toward avoidance, which 15 less costly 
than revenge 

We propose two specific reasons for this increased 
avoidance pattern First, this increase may be caused by the 
time it takes to terminate the recovery stage After the 
online complaints, customers may keep interacting with the 
firm to find a solution, even if they stop buying any items or 


FIGURE 1 
Evolution of Revenge and Avoidance over Time 
(Baseline Effects Predicted in H4) 
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services Eventually, customers give up hope in finding a 
resolution and avoid the firm completely Second, as cus- 
tomers reduce their patronage of firms, they search for 
alternative solutions with the competition Given enough 
time, most customers will find an acceptable alternative and 
then will no longer need to maintain any interactions with 
the initial firm Over time, customers’ patronage habits 
erode, and the desire for avoidance with the initial firm 
keeps growing In Н, we formulate our two baseline 
effects 


H, After online public complaining, a desire for revenge 
(desire for avoidance) decreases (1ncreases) over time 


The Moderation Effects of Relationship Quality on 
the Baseline Effects 


We now focus on our second and central issue How does a 
strong relationship affect the evolution of revenge and 
avoidance over time (as predicted in Hj)? Although 
research has documented the moderating role of customer 
relationship 1n service contexts (e g , Aaker, Fournier, and 
Brasel 2004, Aggarwal 2004), to our knowledge, the 
unfolding of this effect over time has not been examined 

Initial service research posits that a strong relationship 
leads customers to respond more favorably to most recovery 
attempts (Hess, Ganesan, and Klein 2003, Tax, Brown, and 
Chandrashekaran 1998), which 15 consistent with the 
“buffering” effect of commitment found ın the information- 
processing literature (Ahluwalia 2002, Ahluwalia, Burn- 
krant, and Unnava 2000) Notably, recent work has studied 
the conditions under which this favorable effect could be 
reversed (Aaker, Fournier, and Brasel 2004) For example, 
the negative responses of strong-relationship customers 
were amplified when (1) a service interaction was perceived 
as a transgression of their relational norms (Aggarwal 
2004), (2) a service recovery was viewed as unambiguously 
unfair (Grégoire and Fisher 2008), and (3) customers had 
sufficient time and cognitive capacity to assess a severe per- 
formance failure (Roehm and Brady 2007) Because situa- 
tions of online public complaining reflect these itemized 
conditions, we also expect an unfavorable effect of a rela- 
tionship over time—namely, a longitudinal love-becomes- 
hate effect 

Consistent with prior work (Aaker, Fournier, and Brasel 
2004, Hennig-Thurau, Gwinner, and Gremler 2002), we 
employ the notion of relationship quality to conceptualize 
the strength of a relationship Relationship quality 1s 
defined as a second-order construct consisting of trust (1 е, 
confidence that a firm 1s dependable and can be relied on), 
commitment (1e, a willingness to maintain a relationship 
with a firm), and social benefits (1e, a perception of a 
“one-to-one” connection through the personalization and 
customization of services) 

Customers who perceive a high level of relationship 
quality are more likely to take offense 1f they are the victims 
of a service failure episode, especially 1f they asked for help 
throughout the episode High-relationship-quality. cus- 
tomers may think, “I have always been there for you, and 
you let me down when I needed your help " In other words, 
these customers may believe that firms “owe” them more 
than they owe low-relationship-quality customers In these 


conditions, high-relationship-quality customers may feel 
especially betrayed (1 е, a customer's belief that a firm has 
intentionally violated what 1s normative in the context of 
their relationship) (Elangovan and Shapiro 1998, Ward and 
Ostrom 2006) 

Here, we maintain that perceived betrayal may provide 
useful insights into comprehending a love-becomes-hate 
effect First, perceived betrayal ıs relevant because strong- 
relationship customers tend to feel more betrayed after 
unfair service failure and recovery (Grégoire and Fisher 
2008) Second, because this greater sense of betrayal 1s dif- 
ficult to forget and let go, 1t 15 likely to drive these cus- 
tomers to engage more vividly 1n revenge and avoidance 
(Bies and Tripp 1996, Koehler and Gershoff 2003, Ward 
and Ostrom 2006) 

We apply this “static” evidence to our longitudinal con- 
text Specifically, we expect relationship quality to unfavor- 
ably influence the two longitudinal baseline effects 
described in H, First, high-relationship-quality customers 
should maintain their desire for revenge over a longer 
period Specifically, we expect that the desire for revenge of 
high-relationship-quality customers decreases at a slower 
pace over time than that of low-relationship-quality cus- 
tomers Second, we follow a simular reasoning for qualify- 
ing the rate of change of a desire for avoidance Over time, 
high-relationship-quality customers should experience an 
invigorated desire to escape the firms Thus, the desire for 
avoidance of high-relationship-quality customers increases 
at a faster rate over time than that of low-relationship- 
quality customers 

In summary, we formalize a longitudinal love-becomes- 
hate effect 1n H5, which qualifies our baseline effects (e р, 
H4) To account for the potential role of betrayal, we expect 
to find the following sequence at any given period relation- 
ship quality — perceived betrayal — revenge/avoidance 
desires 


Н, Compared with low-relationship-quality customers, the 
desire for revenge (desire for avoidance) of high- 
relationship-quality customers decreases more slowly 
(increases more rapidly) over time 


Н; At any given time, (a) relationship quality 15 positively 
related to perceived betrayal, (b) which in turn 1s posi- 
tively related to a desire for revenge and a desire for 
avoidance 


Study 1: A Longitudinal Field Study 
of Online Public Complaining 


Our Context: ConsumerAffairs.com and Ripoff 
Report 


Customers have different online venues to complain pub- 
licly First, they can build their own “homemade” anticorpo- 
ration Web sites (see Ward and Ostrom 2006) Second, they 
can post to a vast array of preformatted Web sites provided 
by third-party organizations In our main study (1e , Study 
1), we examine two third-party preformatted Web sites. an 
online consumer agency (ConsumerAffairs com) and a 
complaint Web site (Ripoffreport com) Both Web sites are 
credible and professionally managed, and they have 
received national coverage (Sydell 2007) Ripoff Report 


recorded more than 266,500 complaints 1n September 2007, 
and the newsletter of ConsumerAffairs com has a reader- 
ship base of approximately 30,000 subscribers 

Although both organizations aim to protect and inform 
consumers, they also possess unique features On the one 
hand, ConsumerAffairs com uses the complaints received to 
write a weekly newsletter Approximately 10% of the com- 
plaints received are posted on 15 Web site On the other 
hand, Ripoff Report relies on a more confrontational 
approach All complaints are posted with minimal changes, 
and they constitute the first comment of a Weblog 


Procedure and Sample 


This study involves a series of four questionnaires (1e, 
waves) that were administered every two weeks (see 
McCullough, Bono, and Root 2007) We surveyed cus- 
tomers who sent an online complaint to the Web sites 1n the 
ten days preceding the first questionnaire We used a short 
time between the online complaint and the first question- 
naires to reduce memory bias 

Given our interest in the dynamics of revenge and 
avoidance, a longitudinal design was required (Rindfleisch 
et al 2008) In addition, the current design addresses key 
limitations of cross-sectional surveys (е g , Aquino, Tripp, 
and Влез 2001, Grégoire and Fisher 2006) Here, a longitu- 
dinal design has been identified as an effective method to 
control for common method bias (Podsakoff et al 2003) 
and to draw causal inference (Bolton and Lemon 1999) 

Initially, the sampling frames were composed of 1434 
and 952 complainers on the ConsumerAffairs com and 
Ripoff Report Web sites, respectively, for an overall sam- 
pling frame of 2386 people In our first e-mail, the potential 
respondents were invited to go to Qualtrics com to complete 
the first questionnaire This initial e-mail was followed by 
two reminders We used a similar multicontact approach for 
Waves 2-4. The participants who completed the four waves 
were 1ncluded 1n a drawing for one grand prize of $500 and 
ten prizes of $50 

After the first wave, 431 participants completed the first 
survey, with 247 and 184 participants for Consumer 
Affairs com and Ripoff Report, respectively For Wave 1, 
the overall response rate was 18 1% The number of respon- 
dents decreased by 131 between Waves 1 and 2, by 85 
between Waves 2 and 3, and by 43 between Waves 3 and 4 
Overall, 172 respondents completed the four phases of the 
survey, with 111 and 61 respondents for Consumer 
Affairs com and Ripoff Report, respectively The total sam- 
ple size 1s similar to that of a recent longitudinal service 
study (Homburg, Koschate, and Hoyer 2006) Before con- 
ducting our analyses, we confirmed through a series of 
t-tests that the respondents who did not complete all four 
waves did not differ from the respondents 1n the final sam- 
ple on any of the key constructs (ps » 06) The equivalence 
of these two groups suggests that data were missing at ran- 
dom and that our longitudinal data were unbiased by attri- 
tion (McCullough et al 2001) 

Of the final sample, 61% were women, and the average 
age of the respondents was 44 10 years (SD = 11 97) On 
average, the respondents spent 17 76 hours (SD = 15 72) 
per week on the Internet At the time of the failure, respon- 
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dents had been customers of the firms for an average of 
340 months (SD = 6392) The respondents formulated 
complaints in 53 industries, including automotive (11%), 
retail (10 5%), credit, debt, and mortgage services (10 3%), 
cell phone providers (9 5%), Web sites and online services 
(6 3%), appliances (5 3%), and computers (5%) The other 
industries received less than 5% of the complaints 


Online Complaints Coding 


Two independent coders analyzed the content of the 431 
orginal online complaints Each complaint was codified in 
one of the following categories (1) a single service failure 
with no recovery requested (1 e , silent customers), (2) a ser- 
vice failure followed by a failed recovery, also named a 
“double deviation” (Bitner, Booms, and Tetreault 1990), (3) 
a service failure followed by a positive recovery, and (4) a 
service failure for which the recovery was unspecified The 
level of agreement between coders was high (79 1%), and 
differences were resolved through discussion Overall, 
175% of the complaints were classified as “unspecified 
recovery stage” After excluding these instances, 96 2% of 
the complaints were classified as double deviations The 
coders identified only 13 (35%) service failures with no 
recovery request and only 1 service failure recovery fol- 
lowed by a positive recovery For the double-deviation 
instances, the coders also coded whether the recovery was 
requested (1) only once or (2) many times (agreement level 
of 802%) They found that 831% of these respondents 
requested many recoveries from the firm Consistent with 
Ward and Ostrom (2006), our codification revealed that 
almost all online public complaints resulted from a double 
deviation that encompassed a series of failed recoveries 


Questionnaire and Measurement 


We performed a pretest with 103 undergraduate students at 
а major US public university The purpose of this pretest 
was to learn about the longitudinal procedure of our data 
collection software package (1e, Qualtrics com) and to 
validate the scales of our key constructs 2 This new software 
makes it possible to send automatic reminders to the non- 
respondents at each wave and to track responses over time 
This pretest involved students who experienced a service 
failure and a failed recovery (but did not complain online) 
over a period of six weeks (1e, three waves) Because no 
problems were 1dentified with the software, constructs, and 
questionnaires, we proceeded with our study with “real” 
online complainers 


2Because of their novelty, we examined ın the pretest the psy- 
chometric properties of the scales for a desire for revenge, a desire 
for avoidance, and perceived betrayal We did not include relation- 
ship quality because its measurements are well established We 
performed three exploratory factor analyses, one for each ште We 
obtained a clear three-factor solution in each model Overall, the 
items strongly loaded on their respective factors 1п all the models 
between 80 and 93 for a desire for revenge, between 79 and 91 
for a desire for avoidance, and between 73 and 87 for betrayal 
Cross-loadings were minimal 1n all models less than 29 for a 
desire for revenge, less than 36 for a desire for avoidance, and less 
than 42 for betrayal In all three models, Cronbach’s alphas of 
each construct were greater than 87 
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In the first wave of the main study, respondents 
answered questions related to their prior relationships, 
desires for revenge and avoidance, perceived betrayal, and 
the control variables Waves 2—4 used fewer measures, and 
the respondents mostly answered questions about their 
desires, perceived betrayal, and some behaviors Most mea- 
sures are influenced by or adapted from previous work 
Unless otherwise indicated, the measures are based on 
seven-point Likert scales (1 = “strongly disagree,’ and 7 = 
“strongly agree”) The scale items (after purification) 
appear ш the Appendix 


Desires for revenge and avoidance We measured the 
two focal constructs by adapting to a consumer context the 
scales developed by McCullough and colleagues (see 
McCullough et al 1998, McCullough et al 2001, McCul- 
lough, Bono, and Root 2007) We measured a desire for 
revenge with a five-1tem scale, including “I want to take 
actions to get the firm in trouble,’ and a desire for avoid- 
ance also with five items, such as “I want to keep as much 
distance as possible between the firm and me” Note that 
McCullough and colleagues’ (1998) scales have been suc- 
cessfully adapted to workplace (Aquino, Tripp, and Влез 
2001) and customer (Grégoire and Fisher 2006) contexts In 
terms of face validity, our revenge scale 1s consistent with 
the positive items of Bechwati and Morrin’s (2003) 
vengeance scales 


Relationship quality This second-order construct was 
reflected in trust (Sirdeshmukh, Singh, and Sabol 2002), 
commitment (De Wulf, Odekerken-Schroder, and Iacobucci 
2001), and social benefits (Hennig-Thurau, Gwinner, and 
Gremler 2002) We measured the three first-order constructs 
with validated scales (see the Appendix) 


Perceived betrayal We measured perceived betrayal 
with three 1tems adapted from the scale of Grégoire and 
Fisher (2008) These scales included items such as “Т felt 
betrayed by the firm” and “The firm let me down in a 
moment of need” (see the Appendix) 


Control variables We also controlled for various situa- 
tional variables that could affect the desires for revenge and 
avoidance, such as perceived seventy (Smith, Bolton, and 
Wagner 1999) and distributive and interactional fairness 
(Bechwati and Morrin 2003, Tax, Brown, and Chan- 
drashekaran 1998) We measured all these constructs with 
validated multi-item scales (see the Appendix) We also 
accounted for the behavioral aspects of a relationship (1e, 
duration length and interaction frequency), age and gender 
(Aquino, Tripp, and Bies 2001), and the Web site 


Measurement Models and Nomological Validity 


Confirmatory factor analyses (CFAs) The psychometric 
properties of the scales were assessed with five CFAs 
(Anderson and Gerbing 1988) Our first model included 
distributive fairness, interactional fairness, failure severity, 
and relationship quality, the last of which is a second-order 
construct reflected in commitment, trust, and social bene- 
fits The 21-1tem model produced a satisfactory fit with a 
comparative fit index (CFI) of 97, а Tucker—Lewis index 
(TLI) of 96, a root mean square error of approximation 
(RMSEA) of 057, and a chi-square of 43071 (df = 180, 


p< 001) In this model, the loadings (A) were large and sig- 
nificant (ps < 001), the average уапапсе extracted (AVE) 
equaled or exceeded 50 for all constructs, and Cronbach’s 
alphas were greater than the 7 guideline (see the 
Appendix) 

The second to the fifth CFA models had the same struc- 
ture and incorporated the same reflective constructs How- 
ever, the second CFA model was performed with the data 
collected at Time 1, the third CFA model was performed 
with data at Time 2, and so forth These models contained 
desire for avoidance (five 1tems), desire for revenge (five 
items), and perceived betrayal (three 1tems) at Times 1-4 In 
all these models, we deleted one of the 1tems of desire for 
avoidance because of high correlation errors Then, the 12- 
item models fit the data acceptably, with chi-square values 
between 344 46 and 427 08 (df = 51, ps < 017), CFIs > 
95, TLIs = 94, and RMSEAs varying between 052 and 
088 In all these models, the loadings (A) were large and 
significant (ps < 001), the AVE exceeded 50 for all con- 
structs, and Cronbach’s alphas were greater than the 7 
guideline (see the Appendix) As we expected, revenge and 
avoidance desires were positively and moderately correlated 
in all models (between 37 and 11) They were also distinct 
constructs As evidence of their discriminant validity (For- 
nell and Larcker 1981), the square roots of the AVE for both 
a desire for revenge (varying between 91 and 92) and a 
desire for avoidance (between 81 and 90) were substan- 
tially higher than any of their correlations 


Nomological validity Given the importance of the 
revenge and avoidance desires, we provide evidence of their 
nomological validity by examining their correlations with a 
series of retaliatory behaviors (1 е, private vindictive com- 
plaining, negative word of mouth, and online public com- 
plaining for help seeking) and one avoidance behavior (ie , 
patronage reduction) The scales of these behaviors appear 
in the Appendix Consistent with our definitions, we found 
that a desire for revenge was correlated with vindictive 
complaining (r= 29, p< 001), negative word of mouth (г = 

31, p « 001), and online public complaining for help seek- 
ing (r = 20, p < 001) but was uncorrelated with patronage 
reduction (т = 03, p > 56) (after controlling for a desire for 
avoidance) We found opposite results for a desire for 
avoidance, which was only correlated with patronage reduc- 
поп (r = 31, p « 001) but was uncorrelated with any of the 
retaliatory behaviors (r « 08, ps » 20) (after controlling for 
a desire for revenge) Overall, these results show evidence 
of the validity and distinct nature of our two focal 
constructs 


Tests of Hypotheses 


H-H, To test Н,-Н,, we opted for an individual 
growth modeling approach (Bliese and Ployhart 2002) that 
simultaneously estimates both (1) the differences 1n aggre- 
gated levels over time and (2) the individual patterns of 
change over time (McCullough, Bono, and Root 2007, 
McCullough, Fincham, and Tsang 2003) This type of 
model 18 an extension of the basic multilevel approach 
(Raudenbush and Bryk 2002) in which the "Level 1" model 
fits the aggregated changes of the dependent vanable (1e, 
revenge and avoidance) over time and the "Level 2" model 


includes the predictors that explain the differences among 
individuals Our final results appear 1n Table 1 To provide 
an illustration of the evolution in the desires for revenge and 


TABLE 1 
Individual Growth Models for the Changes in 
Desire for Revenge, Desire for Avoidance, and 
Betrayal over Time 


Desire 
for Desire for Perceived 
Revenge Avoidance Betrayal 


p p p 
Basic Model 
Intercept 418"* 543“ 6 15*** 
Time (H4) -32*** 16""* —64*** 
Time x time ns ns 12“ 
Control Variables 
Web sitea 1 46*** 37" 35** 
Failure severity 14* ns 19*** 
Distributive fairness – 26** — 40*** — 33*** 
Interactional fairness ns -17"* – 09" 
Interaction frequency ns – 01“ ns 
Effects of Relationship 
Quality 
Relationship quality — 09 — 09 16*** 
Relationship quality х 08* T1 ns 
time (He) 


*p « 05 (two-tailed) 

**p « 01 (two-tailed) 

***p « 001 (two-tailed) 

8A dummy-coded variable for which the reference category is 
ConsumerAffairs com 


FIGURE 2 


Evolution of Revenge and Avoidance over Time 
(Observed Means) 
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avoidance, Figure 2 reports the observed means at each 
period 

The variable “tıme” represents the rate of change of the 
dependent variables over time (1e, Level 1), and we used 
its coefficients to test Н; Then, the mdividual predictors 
(e, relationship quality and the control variables) are 
included (зе, Level 2) We tested Н, by examining the 
extent to which relationship quality interacts with time 1n 
predicting a desire for revenge and a desire for avoidance 
We mean-centered the predictors and report only the sig- 
nificant control variables 

In the revenge model (see the first column 1n Table 1), 
the rate of change (1e , the variable "time") was significant 
and negative (В = — 32, р < 001) This result indicates that 
a desire for revenge decreased over time, 1n support of Hy 
The quadratic term (1 e , the time х time variable) testing for 
a nonlinear rate of change did not achieve significance (p = 

13), and as a result, we dropped it from subsequent 
analyses 

In the avoidance model (see second column 1n Table 1), 
the rate of change (B = 16, p « 001) also achieved signifi- 
cance In support of the other facet of Hi, the positive rate 
of change indicates that a desire for avoidance increased 
over time Again, the quadratic term was not significant (p = 

12) 

The revenge model also provides support for H5 We 
found a significant and positive interaction. between rela- 
tionship quality and time (В = 08, p < 05), indicating that 
relationship quality affects the rate of change 1n a desire for 
revenge over time Figure 3, Panel A, shows the pattern of 
change over time for two levels of relationship quality (+1 
and —1 standard deviations) It shows that the desire for 
revenge of high-relationship-quality customers decreased 
more slowly than that of low-relationship-quality 
customers 

In the model for a desire for avoidance, we also found a 
significant and positive interaction between time and rela- 
tionship quality (B = 11, p < 001), which supports the 
other facet of H5 As Figure 3, Panel В, illustrates, the 
desire for avoidance of high-relationship-quality customers 
increases more rapidly over time than that of low- 
relationship-quality customers 


Нз Figure 4 presents the tests for H4 For each period, 
we present evidence of a relationship quality — perceived 
betrayal — desire for revenge/desire for avoidance linkage 
In support of H3,, we found that relationship quality 18 posi- 
tively related to perceived betrayal at each period ( 17 < В < 

31, ps < 01) Consistent with Hay, at each period, per- 
ceived betrayal leads to a desire for revenge (09 < B < 19, 
ps < 05) and to a desire for avoidance ( 10 < В < 20, ps < 

05) We also performed detailed "process" analyses (1e, 
mediation and suppression) of the role of betrayal at each 
time These analyses appear 1n Web Appendix A (see http // 
www marketingpower com/jmnov09) 

We also present a longitudinal test of Нз, (1 e , relation- 
ship quality — perceived betrayal over tıme) by performing 
a third, individual growth model explaining the changes in 
perceived betrayal (see the last column of Table 1) In this 
model, the rate of change (1 е, "time") was significant and 
negative (B = — 64, p < 001), and the quadratic term of time 
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FIGURE 3 
The Interaction Effects Between Relationship 
Quality and Time on Predicting Avoidance and 
Revenge Desires (H;) 
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was significant (B = 12, p « 01) As Figure 5 illustrates, 
these results indicate that, on average, betrayal decreased 
over time following a nonlinear pattern Consistent with 
Ha, relationship quality positively affected the level of 
betrayal ( = 16, р < 001) Compared with low- 
relationship-quality customers, high-relationship-quality 
customers feel more betrayal over time 


Post Hoc Analyses for a Postcomplaint Recovery 


We also explore whether a recovery that customers received 
after their online complaint (hereinafter, we refer to this as a 
“postcomplaint recovery”) had any reducing effect on their 
desires for revenge or avoidance To measure this variable, 
we asked the participants whether the service failure was 
resolved to their satisfaction since they complained to the 
Web site The proportion of complainers who received a 


FIGURE 4 
The Relationship Quality — Perceived Betrayal > 
Revenge/Avoidance Desires Linkage at Each 
Period (Нз) 
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FIGURE 5 
The Effects of Relationship Quality on Perceived 
Betrayal over Time (H3,) 
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recovery went from 15 4%, to 23 0%, and to 27 6% at 
Times 2, 3, and 4, respectively 

Customers who received a satisfactory recovery at 
Times 2 and 3 reported reductions in their desire for 
revenge that were, respectively, 97 and 1 13 scale points 
lower than for the other customers (ps < 05)? However, a 


3For each of the Times 2-4, we performed the following model 
p ostrecovery + Boetrayal = desire for revenge or desire for avoidance 
This section reports the parameters for Bpostrecovery “Betrayal” was 
a control уапабје 


postcomplaint recovery did not reduce a desire for revenge 
at Time 4 (ps > 56) Importantly, we found that a postcom- 
plaint recovery had no significant effect on a desire for 
avoidance at any time (ps > 36) 


Discussion of Study 1 


Our first hypothesis tests the presence of longitudinal base- 
lines and addresses the first question of this article Do 
online complainers hold a grudge over time? We found that 
tıme has different effects on revenge versus avoidance 
desires Consistent with prior literature (McCullough, 
Bono, and Root 2007, McCullough, Fincham, and Tsang 
2003), we found that a desire for revenge 18 difficult to sus- 
tain and tends to decrease over time On average, customers 
do not seem to hold a grudge in the form of revenge How- 
ever, time has a positive effect on avoidance This result 1s 
important because it indicates that online complainers hold 
a grudge through their growing desire to completely disen- 
gage with firms 

In our second hypothesis (1e, our second question), 
perceptions of relationship quality qualify the previous 
baselines The significant interactions between the time and 
relationship-quality variables confirm the presence of a 
love-becomes-hate effect that 1s damaging to firms Specifi- 
cally, high-relationship-quality customers maintain their 
desire for revenge over a longer period, and their desire for 
avoidance grows more rapidly over time In addition, we 
provide insights into the notion of a betrayal “route” 
Specifically, we found that at each time, high-relationship- 
quality customers felt more betrayed, a perception that 
increased their revenge and avoidance desires 

Now that we have demonstrated a longitudinal love- 
becomes-hate effect, managers might inquire about solu- 
tions to this problem (1e, our third question) Here, we 
found that a postcomplaint recovery can reduce a desire for 
revenge but only when the recovery was offered within the 
two periods that immediately followed the complaints 
However, this form of recovery does not seem to bring back 
the business of online complainers We found no effect of a 
recovery on a desire for avoidance, which continues to grow 
over time From these findings, Study 2 further examines 
the effects of a postcomplaint recovery offered immediately 
after the online complaint on a desire for revenge 


Study 2: A Follow-Up Experiment 


Attenuating a Love-Becomes-Hate Effect with a 
Recovery Attempt 


We develop an experiment to address further our third ques- 
tion Can a postcomplaint recovery attempt attenuate a 
longitudinal love-becomes-hate effect? Indeed, managers 
should be especially interested in finding an appropriate 
recovery for high-relationship-quality customers because of 
their lasting desire for revenge To this end, the findings of 
Study 1 are encouraging Although online complainers аге 
unlikely to patronize the firm again, a timely recovery 
attempt substantially decreases their desire for revenge 
Study 2 builds on this finding by examining the reducing 
effect of different levels of recovery (normal versus high) 
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on the desire for revenge of high-relationship-quality cus- 
tomers Specifically, Study 2 answers the question, Do a 
simple apology and a modest compensation suffice for 
firms’ best customers? 

Recent evidence suggests that high-relationship-quality 
customers can be especially receptive to any recovery 
attempt, regardless of 115 size or economic value (Ringberg, 
Odekerken-Schroder, and Christensen 2007) For 
relationship-focused customers, “the perceived sincerity of 
an apology and the admission of wrongdoing” are more 
important than a “restitution or product replacement” 
(Ringberg, Odekerken-Schroder, and Christensen 2007, p 
197) Thus finding 1s consistent with the relational norms 
explained by Aggarwal (2004) That 1s, high-relationship- 
quality customers are more likely to perceive their relation- 
ships with firms as regulated by communal than by 
exchange norms In communal relationships, partners 
demonstrate concerns about each other’s needs with less 
expectation for repayment Thus, for high-relationship- 
quality customers, a genuine effort to restore a relationship 
18 probably more influential than the economic size of the 
recovery attempt Using this logic, we argue that as long as 
firms make an effort to repair the situation, the revenge of 
high-relationship-quality customers should be substantially 
reduced In other words, normal versus high recovery levels 
should have simular attenuating effects on these customers 
over time 

For low-relationship-quality customers, the concerns 
and advice are different These customers are especially 
motivated by financial repayments and exchange norms 
(Aggarwal 2004), and they believe that they should be fully 
compensated for their problems (Ringberg, Odekerken- 
Schroder, and Christensen 2007) Thus, the size of the com- 
pensation 1s more important to them than the social efforts 
Accordingly, their desire for revenge should decrease in 
proportion to the level of recovery offered Specifically, 
their desire for revenge should be the most reduced over 
time when they receive a high recovery Formally, 


На The levels of recovery have different effects on the desire 
for revenge of high- versus low-relationship-quality cus- 
tomers (a) For high-relationship-quality customers, any 
level of recovery (normal or high) substantially reduces 
their desire for revenge over time (b) For low- 
relationship-quality customers, only a high level of recov- 
ery substantially reduces their desire for revenge over 
time 


Method 


Design To address this third issue, we performed a 
scenario-based experiment (Aggarwal 2004, Smith, Bolton, 
and Wagner 1999) with 113 undergraduate students who 
participated in this study for class credit The design was a 2 
(relationship quality low versus high) x 3 (recovery none, 
normal, high) x 2 (time responses before and after the 
recovery) mixed design The first two factors were between 
subjects, and the last factor was within subject Consistent 
with Study 1, the scenario described a double deviation (at 
Time 1), which was followed by a recovery attempt after an 
online public complaint (at Time 2) 
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This design addresses a key limitation of Study 1 related 
to the time of measurement of relationship quality In Study 
1, the participants were asked to recall their prior relation- 
ship after they had engaged 1n online public complaining, 
and as a result, this recall may have been biased (Smuth, 
Bolton, and Wagner 1999) In Study 2, we manipulate rela- 
tionship quality before the occurrence of the service failure 
to minimize this bias 


Stimuli and procedure Participants read a fictional sce- 
nario, 1n which they were asked to imagine themselves 1n 
the role of a customer who experienced a service failure 
with a French restaurant The detailed stimuli appear in 
Web Appendix B (see http //www marketingpower com/ 
jmnov09) In the first part of the scenario (Time 1), the par- 
ticipants were exposed to the relationship-quality manipula- 
tions and then read the information about a service failure 
and a failed recovery The total value of the meal was $75 
After reading this, the participants answered a senes of 
questions about the dependent variables To simulate online 
public complaining, all participants were asked to write a 
blog about the restaurant on "an influential newsgroup 
about French cuisine " 

After completing a filler task, participants read a sequel 
(Time 2) that mentioned that the customer met the owner 1n 
a parking lot two weeks later In the “no-recovery” condi- 
tion, the owner did not offer any apologies or compensa- 
tion In both recovery conditions (1 e , normal and high), the 
owner recognized his fault and offered an apology He then 
offered a $50 gift certificate in the “normal-recovery” con- 
dition and a full reimbursement ($75) and a bottle of French 
wine ($25) in the “high-recovery” condition Then, the par- 
ticipants completed another series of dependent variables 
Overall, participants viewed the scenarios as plausible and 
involving (M = 5 73 on a seven-point scale), and we found 
no differences between conditions (ps > 19) 


Results 


Manipulation checks We measured relationship quality 
with an abbreviated scale that captured trust, commitment, 
and social connection (three items, % = 78, М = 4 42, SD = 
172) A full-factorial analysis of variance revealed that the 
relationship manipulation had a significant effect on this 
check, with the means in the expected direction (Муре. 
relation = 5 69 > Miow-relation = 3 03, F(1, 111) = 166 12, p < 
001) We also measured at Time 1 the effect of this 
manipulation on perceived betrayal (à = 86, М = 5 43, 
SD = 137) Consistent with our logic (H3,), high- 
relationship-quahty customers felt more betrayed than low- 
relationship-quality customers at Time 1 (Mineh-relation = 
5 72 > Miow-relanon = 2 08, F(1, 111) = 6 39, p = 013) 

At Time 2, the postcomplaint recovery manipulation 
was validated with a two-item scale (two items, œ = 98, 
M = 5 02, SD = 2 55) The question stem was “The owner 
offered a resolution which was ” The first йет ranged 
from “less than satisfactory” (1) to “beyond satisfactory” 
(9), and the middle point (5) was “satisfactory” The second 
item ranged from “insufficient” (1) to “more than suffi- 
cient” (9), and the middle point (5) was “sufficient” Our 
analyses revealed that the recovery manipulation had a sig- 


nificant effect on this scale (F(2, 107) = 64 13, p< 001) but 
not the relationship manipulation or their interaction (ps > 

14) The means were of correct amplitude (Mi, recovery = 
2 46 < Мота = 5 45 < Мыр = 6 94) 


Н, We performed a 2 (relationship quality) x 3 (recov- 
ery) x 2 (responses over time) mixed analysis of variance 
with desire for revenge as the dependent variable This 
model revealed a significant within-subject effect (F(1, 
107) = 59 10, p « 001), which indicates that, on average, a 
desire for revenge decreases over time (Revenge, = 3 12 > 
Revenge; = 2 45) We also found a general between-subject 
effect of relationship quality (F(1, 107) = 11 11, p « 001, 
Mhigh-relation = 2 45 < Miow-relation = 3 12) More important, 
and consistent with H4, we found a significant three-way 
interaction of relationship quality x recovery x time (F(2, 
107) = 565, p « 01) Figure 6 illustrates this interaction 
We performed simple test analyses for H4 

In support of H4a, the desire for revenge of high- 
relationship-quality customers substantially decreased when 
a normal recovery (Revenge, = 2 67 > Revenge; = 2 00, 
р < 05) or a high recovery (Revenge; = 2 67 > Revenge, = 
174, p < 001) was offered We did not find any significant 
difference (р > 44) between the desires for revenge at Time 
2 1n the normal-recovery (М = 2 00) versus high-recovery 
(М = 1 74) conditions In the high-relationship-quahty con- 
dition, the desire for revenge stayed unchanged when no 
recovery was offered (Revenge; = 2 67 ~ Revenge,» = 2 75, 
p> 82) 


FIGURE 6 
The Effects of Recovery Attempts on the Desire 
for Revenge of High- Versus Low-Relationship- 
Quality Customers (Н,) 
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attempts x time is significant (F(2, 107) = 5 65, p< 01) We 
found no significant difference in the desire for revenge at 
Time 1 between the three recovery conditions in the high- 
relationship-quality (p > 17) and low-relationship-quality (р > 
53) conditions 
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In support of Нађ, the desire for revenge of low- 
relationship-quality customers substantially decreased only 
when a high recovery (Кеуепре = 362 > Revenge, = 
1 92, p < 001) was offered In the low-relationship-quality 
condition, the desire for revenge stayed unchanged when no 
recovery (Revenge; = 3 62 = Кеуепрер = 3 33, p > 35) or 
a normal recovery (Revenge, = 3 62 = Revenge, = 3 18, 
p> 23) was offered We did not find any significant differ- 
ence (p > 33) between the desires for revenge at Time 2 in 
the no-recovery (M = 3 33) and the normal-recovery (M = 
3 18) conditions 

Betrayal analyses We performed additional analyses 
with betrayal at Time 2 to understand our previous result 
Our analysis revealed a significant relationship quality x 
recovery interaction on betrayal at Time 2 (F(2, 107) = 4 90, 
p = 009) Compared with the low-relationship-quality 
condition, high-relationship-quality customers felt more 
betrayed when no recovery was offered (Mhigh-relation = 
4 87 > Moow-relation = 4 04, p < 05), less betrayed with a 
normal recovery (Mhigh-relation = З 50 < Miow-relaton = 4 61, 
p< 01), and similarly betrayed with a high recovery (Mhugh- 
relation = 3 19 = Miow-relation = 3 70, p > 18) Perceived 
betrayal was positively correlated with a desire for revenge 
at Time 2 (r= 38, p< 001) 


Discussion of Study 2 


We designed Study 2 to examine whether firms can attenu- 
ate a love-becomes-hate effect by offering a postcomplaint 
recovery Although high-relationship-quality customers felt 
more betrayed when no recovery was offered, this percep- 
tion and their desire for revenge are greatly attenuated (over 
time) by an apology and a modest postcomplaint recovery 
In their case, an expensive recovery is not necessary 
because ıt does not have more “revenge-quenching” power 
However, note that our conclusion 1s different for low- 
relationship-quality customers, who seemed to be more cal- 
culative and instrumentally oriented Only an expensive, 
high-recovery attempt had a reducing effect on the revenge 
of these customers over time 


General Discussion 


Managerial Implications 

Do online complainers hold a grudge over time (Hj)? 
We answer yes to this question Time does not fully “heal” 
the problem related to online public complaining Although 
customers’ desire for revenge decreases with time, they 
hold a grudge through their growing desire for avoidance 
After their online complaints, these customers have an 
intense and growing desire to cut any forms of interactions 
with firms Their patronage seems definitely lost, a situation 
that has drastic repercussions on the estimations of cus- 
tomer lifetime value (Hogan, Lemon, and Rust 2002) In 
addition, this patronage 1s unlikely to be restored with any 
recovery initiatives A postcomplaint recovery did not have 
any attenuating effect on avoidance in our main study 
Online complaining could be interpreted as a form of 
divorce that 1s announced publicly Complainers claim 
strenuously that they will not return to these firms, and they 
do not 
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Despite this pessimistic outlook, managers can find 
comfort in the decrease of revenge over time Online com- 
plainers may leave permanently, but at least their grudge 
does not take the form of permanent retaliation Our data 
suggest three possible reasons for this decrease 


1 Perceived betrayal, as a key predictor to a desire for 
revenge, 15 a cognition that takes extensive psychological 
energy, and as such, it 1s difficult to sustain over time (see 
Figure 5) Consequently, a desire for revenge loses its inten- 
sity with time 

2 A recovery attempt may reduce the desire for revenge of 
customers (see the third issue of this discussion) 

3 We performed additional analyses and found no evidence 
that customers “quench” their desire for revenge through 
retaliation 4 In contrast, we find that prior retaliatory behav- 
1ors (Time 1) increase a desire for revenge at Time 2 (B = 
20, p « 05) However, this effect 1s small, and 1t becomes 
nonsignificant at Times 3 and 4 (ps > 07) 


Do firms’ best customers hold this grudge over a longer 
period (H4-H5)? Again, we answer yes Relationship qual- 
ity affects the evolution of revenge and avoidance desires in 
a manner that can damage firms After their online com- 
plaints, firms’ prior best customers maintain their desire for 
revenge over a longer period than other customers Best 
customers’ desire for avoidance also increases at a faster 
pace over time This form of the love-becomes-hate effect 
represents another piece of evidence that shows that strong 
relationships can "backfire" on firms after a poor recovery 
(Aaker, Fournier, and Brasel 2004) We contribute to this 
hterature by examining the effect of a relationship on the 
evolution of revenge and avoidance over time Overall, this 
stream of research and our findings challenge the precon- 
ception that strong relationships always offer a “safety 
cushion" in service failure contexts 

The “betrayal route"—Trelationship quality — perceived 
betrayal — revenge/avoidance—is omnipresent in both 
Studies 1 and 2 In summary, high-relationship-quality cus- 
tomers always feel more betrayed when no recovery is 
offered, and this increased betrayal 1s durable over ште We 
argue that this betrayal route explains, at least 1n part, why 
the desire for revenge of strong-relationship customers 
declines more slowly and why their desire for avoidance 
grows more quickly In support of this view, perceived 
betrayal mediates (partially or fully) the effects of relation- 
ship quality on both revenge and avoidance in Study 1, 
starting at Times 3 and 4 (see Web Appendix A at http // 
www marketingpower com/jmnov09) These two periods 
constitute the moments when high-relationship-quality cus- 
tomers begin to experience greater desires for revenge and 
avoidance than the low-relationship-quality subgroup (see 


4We performed multistage regressions (Bolton and Lemon 
1999) in which prior retaliatory behaviors (at Times 1, 2, and 3) 
predict subsequent desire for revenge (at Times 2, 3, and 4, respec- 
tively) Here, retaliatory behaviors are composed of vindictive 
complaining and negative word of mouth In these regressions, we 
controlled for perceived betrayal and the prior desire for revenge 
Detailed analyses are available on request from the first author 
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Figure 3) We note that the betrayal route 1s not the only 
influence at work at Time 1 We discuss this issue further in 
the “Theoretical Implications” subsection 


Could firms attenuate a longitudinal love-becomes-hate 
effect by offering a postcomplaint recovery (H4)? Our 
answer to this question is mixed ano for a desire for avoid- 
ance but a yes for a desire for revenge The main study pro- 
vides a first longitudinal assessment of the effectiveness of 
a postcomplaint recovery attempt As we reported previ- 
ously, this form of recovery has a minimal effect on com- 
plainers’ desire for avoidance However, this approach 1s 
more successful at attenuating a desire for revenge When 
firms act within five weeks (1e, Times 2 and 3) of the 
online complaint, they can substantially reduce a com- 
plainer’s desire for revenge Because a desire for revenge 
naturally decreases, we found no effect of a recovery after 
this critical time 

Study 2 examines further the effects of a postcomplaint 
recovery on a desire for revenge ın different contexts of 
relationship quality We find encouraging results for high- 
relationship-quality customers Their sense of betrayal and 
desire for revenge almost disappear over time when they 
receive any level of recovery Indeed, we find no differences 
1n their desire for revenge after receiving a normal recovery 
(a $50 gift certificate) versus a high-end recovery (1e, a 
$75 cash value and a $25 bottle of wine) for a $75 dinner 
These results suggest that firms need not “go beyond the 
call of duty” with high-relationship-quality customers, who 
seem to be more interested 1n the social than the economic 
value of a recovery Overall, we advise firms to pay particu- 
lar attention to tracking the online activities of these cus- 
tomers When such customers are identified, firms should 
quickly offer them a recovery that includes an acknowledg- 
ment of responsibility, an apology, and a “normal” compen- 
sation ш the form of a gift certificate or replacement rather 
than a cash reimbursement 

However, firms should be cautious about using a post- 
complaint recovery with low-relationship-quality customers 
who complain online for two key reasons Furst, these cus- 
tomers’ desire for revenge 1s conditioned by the level of a 
recovery As a result, firms must invest 1n a costly recovery 
to obtain a pronounced decrease in their revenge A normal 
recovery 1s not sufficient Because these customers are 
unlikely to return, they may not be worth such a high invest- 
ment Second, low-relationship-quality customers’ desire 
for revenge decreases more quickly and becomes very low 
after five weeks (Time 3) even when no recovery 1s offered 
In other words, time naturally reduces the revenge of low- 
relationship-quality customers 


Theoretical Implications 


In addition to the theory developed for our three key issues, 
we also provide insights into the effects of a relationship in 
service failure contexts This literature 1s puzzling because 
both sides of the argument have received support Many 
researchers have found a “protection” effect that shows that 
a strong relationship inhibits negative responses (eg, 
Ahluwalia 2002, Tax, Brown, and Chandrashekaran 1998) 
However, others have posited that а strong relationship 


amplifies negative responses (eg, Aaker, Fournier, and 
Brasel 2004) Given the unfavorable nature of our longitudi- 
nal findings (e g, Н»), we positioned our research ın the 
second school of thought However, several of our specific 
findings (eg, the lower level of revenge among high- 
relationship-quality customers at Time 1) suggest that “pro- 
tection” and “amplification” can coexist under some cir- 
cumstances We provide two explanations to help reconcile 
these two schools of thought the reciprocity norm and time 
contingency 


The reciprocity norm Compared with low-relationship- 
quality customers, the responses of high-relationship- 
quality customers appear to be more “elastic” in this 
research When high-relationship-quality customers do not 
receive recoveries after their online complaints, they feel 
more betrayed, and their desire for revenge 1s more sustain- 
able over tıme However, any recovery attempts more dras- 
tcally attenuate their sense of betrayal and desire for 
revenge than that of the low-relationship-quahty subgroup 
Here, we suggest that high-relationship-quality customers, 
given their social connections with firms, are more likely to 
adhere to the reciprocity norm that regulates most relation- 
ships (De Wulf, Odekerken-Schroder, and Iacobucci 2001, 
Gouldner 1960) and to "return 1n kind" firms! actions. If 
they feel hurt by firms’ inactions, their desire to return harm 
to firms becomes more permanent However, if firms 
demonstrate signs of redemption (through their recovery 
efforts), these customers “return the favor” with a pro- 
nounced reduction 1n their negative responses In summary, 
the norm of reciprocity constitutes a promising framework 
to understand the elastic responses (favorable or unfavor- 
able) of strong-relationship customers compared with 
weak-relationship customers 


The time contingency Our research identifies time as an 
important contingency that helps reconcile the protection 
versus amplification schools of thought Consistent with a 
protection view, our patterns (in both studies) suggest that 
high-relationship-quality customers initially experience 
lower desires for revenge and avoidance at Time 1 than 
low-relationship-quality customers (see Figures 3 and 6) 
Then, the revenge of high-relationship-quality. customers 
decreases at a slower pace, and by the end of the last period, 
this desire 1s higher than that of low-relationship-quality 
customers (1 e , the amplification effect) We observe a simi- 
lar pattern in the case of a desire for avoidance ın Study 1 

Our process analyses (see Web Appendix A at http // 
www marketingpower com/Jmnov09) support this interpre- 
tation In summary, 1n a short period, relationship quality 
tends to protect firms against online complainers’ desires 
for revenge and avoidance Immediately after their online 
complaints, high-relationship-quality customers are less 
vengeful than low-relationship-quality customers However, 
when a longer period 1s considered, the betrayal effect 
slowly dominates, and high-relationship-quality customers 
become more rancorous than regular customers Overall, 
our results suggest that both schools of thought can coexist 


depending on the period under consideration (1 е , short ver- 
sus long) Note that this thesis 15 similar to an effect that 
Roehm and Brady (2007) report In their research, brands 
held 1n high regard are protected from negative reactions in 
the short run, but this effect 1s reversed over time 


Limitations and Future Research Avenues 


We face limitations stemming from performing а longitudi- 
nal field study with real complainers We had limited con- 
trol over the response rate, and a relatively high level of 
attrition occurred 1n our data In addition, a perfect design 
would incorporate additional waves, which would enhance 
our ability to find nonlinear patterns for the two focal 
desires 

Longitudinal designs do not control for all the threats to 
internal validity (Cook and Campbell 1979, Rindfleisch et 
al 2008), and as a result, we performed а scenario-based 
experiment to address some of its causal limitations How- 
ever, scenario-based experiments also have limitations 
regarding their ability to manipulate emotions, relation- 
ships, and time Accordingly, we encourage replications and 
extensions with experimental designs that manipulate the 
aspects of real service failures (e g , Aaker, Fournier, and 
Brasel 2004) 

Our research focuses on avoidance and revenge, which 
reflect a lack of forgiveness toward firms Further research 
should offer a more complete examination of the forgive- 
ness construct by examining its positive constituents, such 
as benevolence motivation (Finkel et al 2002) and reconcil- 
1ation (Aquino, Tripp, and Влез 2006) More attention 15 
also needed on the effects of culture on customers’ propen- 
sity to forgive (Zourrig, Chebat, and Toffoli 2009) For 
managers, it 1s important to understand what leads cus- 
tomers to seek reconciliation or forgive after service failure 
episodes 

Two schools of thought exist about the effect of a rela- 
tionship the protection versus amplifying effects Addi- 
tional research 1s needed to understand the processes at 
work 1n both mstances Web Appendix A (see http //www 
marketingpower com/jmnov09) provides initial evidence, 
but more complete work on mediation or suppression 
should be performed in this area We encourage the devel- 
opment of a unifying theory that could reconcile both 
views Our results suggest that such a theory should account 
for the reciprocity norm and time It would also be judicious 
to incorporate new conceptualizattons of relationships, such 
as attachment (Thomson, MacInnis, and Park 2005) or 
affection (Yim, Tse, and Chan 2008), that capture a deeper 
bonding between customers and firms 

Finally, research 1n psychology has studied the effects 
of personality traits, such as agreeableness, negative affect, 
and neuroticism, on revenge and avoidance (McCullough et 
al 2001, Skarlicki, Folger, and Tesluk 1999) Although the 
effects of personality traits are found to be relatively weak 
(McCullough et al 1998), their potential role 1n the rates 
of change in revenge and олау Sra hor 
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Core Constructs 


Desire for Revenge (Time 1 а = 97, AVE = 85, Time 2 
a= 96, АУЕ = 84, TIme 3 a= 96, AVE = 82,Time 4 a= 
96, AVE = 84) 


| want (or wanted) to 
eTake actions to get the firm in trouble 
ePunish the firm їп some way 
«Cause inconvenience to the firm 
«Get even with the firm 
*Make the firm get what it deserved 


Desire for Avoidance (Time 1 a = 87, AVE = 66, Time 2 
a= 96, AVE = 73, Time 3 a= 91, AVE = 73, Time 4 a= 
94, AVE = 81) 


| want (or wanted) to 
eKeep as much distance as possible between the firm 
and me 
«Avoid frequenting the firm 
«Cut off the relationship with the firm 
eWithdraw my business from the firm 


Perceived Betrayal (Time 1 о = 81, AVE = 61, Time 2 
a= 86, AVE = 67, Tıme 3 с = 83, AVE = 71, Time 4 a= 
85, AVE = 66) 

e| felt (feel) betrayed by the firm 

The firm broke (breaks) the promise made to me 

eThe firm let me down in a moment of need 


Relationship Quality (Time 1 œ = 73, AVE = 50) 
1 Trust (Time 1 œ = 94, AVE = 80) 


| felt that the firm was 
“Very undependable" (1)—“very dependable" (7) 
*"Very incompetent” (1)-"very competent" (7) 
*"Of low integrity" (1)—“of high integrity” (7) 
*"Very unresponsive to consumers" (1)—“very 
responsive consumers" (7) 


2 Commitment (Time 1 œ = 92, AVE = 80) 
*| was very committed to my relationship with the service 
firm 
*The relationship was something | intended to maintain 
for a long time 
e| put the efforts into maintaining this relationship 


3 Social Benefits (Time 1 œ = 94, AVE = 80) 


My relationship with the service firm was based on its 
ability to 

«Recognize who | am as a customer 

•Кпом my personal needs as a customer 

*Build a “one-on-one” connection 

*Make me feel important and appreciated 


Control Variables 





Interactional Fairness (x = 89, AVE = 68) 


The employee(s) who interacted with me 
eTreated me in a polite manner 
«Gave me detailed explanations and relevant advice 
«Treated me with respect 
«Treated me with empathy 


Distributive Fairness (о = 91, AVE = 78) 
«Overall, the outcomes | received from the service firm 
were fair 
eGiven the time, money, and hassle, | got fair outcomes 
*| got what | deserved 


Failure Severity (о = 86, AVE = 70) 


The service failures caused me 
“Minor problems" (1)—“major problems" (7) 
*"Small inconvenience" (1)—“big inconvenience” (7) 
*"Minor aggravation” (1)—“major aggravation” (7) 


Other Control Variables 
«What is your age? 
eWhat is your gender? 
*Before the service failure, how long have you been a 
customer of this firm? 
*Before the service failure, how many times per year did 
you frequent this firm as a customer? 


Retaliatory and Avoidance Behaviors (Tests for Nomological Validity) 


Online Public Complaining for Help Seeking (a = 92) 
(newly developed) 


| complained to the Web site 

«To have other customers help me with my disagreement 

«To ask others about the right approach to deal with the 
firm 

*To solicit the expertise of other customers about my 
issue with the firm 

*So other customers could advise me on the best way to 
reach a settlement 


Patronage Reduction (о = 79) (Grégoire and Fisher 2006) 
*| spent less money at this business 
*| stopped doing business with this firm 
*| reduced frequency of interaction with the firm 

* e| brought my business to a competitor 


^ 
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Vindictive Complaining to the Firm (с = 89) (Grégoire 
and Fisher 2008) 


I complained to firm to 
«Give a hard time to the representatives 
•Ве unpleasant with the representative of the company 
•Маке someone from the organization suffer for their 
Services 


Negative Word of Mouth (о = 85) (Grégoire and Fisher 
2006) 
*| spread negative word of mouth about the firm 
*| bad-mouthed against this firm to my friends 
When my friends were looking for a similar product or 
service, | told them not to buy from this firm 





REFERENCES 

Aaker, Jennifer, Susan Fournier, and S Adam Brasel (2004), 
“When Good Brands Do Bad,” Journal of Consumer Research, 
31 June), 1-16 

Aggarwal, Pankay (2004), “The Effects of Brand Relationship 
Norms on Consumer Attitudes and Behaviors,” Journal of Con- 
sumer Research, 31 (June), 87—101 

Ahluwalia, Rohim (2002), “How Prevalent Is the Negativity Effect 
m Consumer Environments?” Journal of Consumer Research, 
29 (September), 270-79 

, Robert Е Burnkrant, and Н Rao Unnava (2000), “Соп- 
sumer Response to Negative Publicity The Moderating Role 
of Commitment," Journal of Marketing Research, 37 (May), 
203-214 

Anderson, James C and David W Gerbing (1988), "Structural 
Equation Modeling A Review and Recommended Two-Step 
Approach," Psychological Bulletin, 103 (May), 411—23 

Aquino, Karl, Thomas M Tripp, and Robert J Влез (2001), “How 
Employees Respond to Personal Offense The Effects of Blame 
Attribution, Victim Status, and Offender Status on Revenge in 
the Workplace,” Journal of Applied Psychology, 86 (February), 
52-59 

‚ , and (2006), "Getting Even or Moving 
On? Power, Procedural Justice, and Types of Offense as Predic- 
tors of Revenge, Forgiveness, Reconciliation, and Avoidance in 
Orgamzations," Journal of Applied Psychology, 91 (March), 
653-58 

Апеју, Dan (2007), “HBR Case Study The Customers’ Revenge,” 
Harvard Business Review, 85 (December), 31—42 

Bechwati, Nada N and Maureen Могпп (2003), “Outraged Соп- 
sumers Getting Even at the Expense of Getting a Good Deal,” 
Journal of Consumer Psychology, 13 (4), 440-53 

and (2007), “Understanding Voter Vengeance,” 
Journal of Consumer Psychology, 17 (4), 277-91 

Влез, Robert J and Thonias М Tripp (1996), “Beyond Distrust 
Getting Even and the Need for Revenge,” ın Trust in Organiza- 
tions, Roderick M Kramer and Tom R Tyler, eds Newbury 
Park, CA Sage Publications, 246-60 

‚ , and Roderick М Kramer (1997), “At the Break- 
ing Point A Social Cognitive Perspective on Vengeance and 
Violence in Organizations,” 1n Antisocial Behavior in Organı- 
zations, Jerald Greenberg and Robert A Giacalone, eds New- 
bury Park, CA Sage Publications, 18-36 

Bitner, Mary Jo, Bernard Н Booms, and Mary S Tetreault (1990), 
“The Service Encounter Diagnosing Favorable and Unfavor- 
able Incidents,” Journal of Marketing, 54 (January), 71-84 

Bliese, Paul D and Robert E. Ployhart (2002), “Growth Modeling 
Using Random Coefficient Models Model Building, Testing 
and Illustrations,” Organizational Research Methods, 5 (Octo- 
ber), 362-87 

Bolton, Ruth N and Katherine N Lemon (1999), “A Dynamic 
Model of Customers’ Usage of Services Usage as an 
Antecedent and Consequence of Satisfaction,” Journal of Mar- 
keting Research, 36 (May), 171-86 

Bonfield, Carolyn and Catherine Cole (2007), “Affective 
Responses to Service Failure Anger, Regret, and Retaliatory 
and Conciliatory Responses,” Marketing Letters, 18 (January), 
85-99 

Cook, Thomas D and Donald T Campbell (1979), Quasi- 
Experimentation Design & Analysis Issues to Field Settings 
Boston Houghton Mifflin 

Dawes, John (2009), “The Effect of Service Price Increases on 
Customer Retention The Moderating Role of Customer Tenure 
and Relationship Breadth,” Journal of Service Research, 11 
(February), 232-45 

De Wulf, Kristof, Gaby Odekerken-Schroder, and Dawn Iacobucci 
(2001), "Investment in Consumer Relationships A Cross- 


























Country and Cross-Industry Exploration,’ Journal of Market- 
ing, 65 (October), 33-50 

The Economist (2006), "Business The Blog in the Corporate 
Machine, Corporate Reputations,” (February 11), 66 

Elangovan, AR and Debra L Shapiro (1998), “Betrayal of Trust 
1n Organizations," Academy of Management Review, 23 (July), 
547-67 

Finkel, Eli J , Caryl E Rusbult, Madoka Kumashiro, and Peggy A 
Hannon (2002), “Dealing with Betrayal in Close Relationships 
Does Commitment Promote Forgiveness?” Journal of Person- 
ality and Social Psychology, 82 (January), 956-74 

Fornell, Claes and David F Larcker (1981), “Evaluating Structural 
Equation Models with Unobservable Variables and Measure- 
ment Error,” Journal of Marketing Research, 18 (February), 
39-50 

Gouldner, Alvin W (1960), “The Norm of Reciprocity A Prelimi- 
nary Statement,” American Sociological Review, 25 (Spring), 
161-78 

Grégoire, Yany and Robert J Fisher (2006), "The Effects of Rela- 
tionship Quality on Customer Retaliation,” Marketing Letters, 
17 January), 31-46 

and (2008), “Customer Betrayal and Retaliation 
When Your Best Customers Become Your Worst Enemies,” 
Journal of the Academy of Marketing Science, 36 (June), 
247-61 

Hennig-Thurau, Thorsten, Kevin P Gwinner, and Dwayne D 
Gremler (2002), “Understanding Relationship Marketing Out- 
comes An Integration of Relational Benefits and Relationship 
Quality,” Journal of Service Research, 4 (February), 230-47 

Hess, Ronald L , Shankar Ganesan, and Noreen M Klein (2003), 
"Service Failure and Recovery The Impact of Relationship 
Factors on Customer Satisfaction;" Journal of the Academy of 
Marketing Science, 31 (Spring), 127-45 

Hogan, John E , Katherine N Lemon, and Roland T Rust (2002), 
“Customer Equity Management Charting New Directions for 
the Future of Marketing," Journal of Service Research, 5 
(August), 4-12 

Homburg, Christian, Nicole Koschate, and Wayne D Hoyer 
(2006), "The Role of Cognition and Affect 1n the Formation of 
Customer Satisfaction A Dynamic Perspective,’ Journal of 
Marketing, 70 (July), 21-31 

Koehler, Jonathan J and Andrew D Gershoff (2003), “Betrayal 
Aversion When Agents of Protection Become Agents of 
Harm,” Organizational Behavior and Human Decision Pro- 
cesses, 90 (March), 244-66 

McCullough, Michael E, C Garth Bellah, Shelley Dean Kil- 
patrick, and Judith L Johnson (2001), “Vengefulness Rela- 
tionships with Forgiveness, Rumination, Well-Being, and the 
Big Five,” Personality and Social Psychology Bulletin, 27 
(May), 601-610 

, Giacomo Bono, and Lindsey М Root (2007), “Rumuna- 

tion, Emotion, and Forgiveness Three Longitudinal Studies,” 

Journal of Personality and Social Psychology, 92 (March), 

490-505 

, Frank D Fincham, and Jo-Ann Tsang (2003), “Forgive- 

ness, Forbearance, and Time The Temporal Unfolding of 

Transgression-Related Interpersonal Motivations," Journal of 

Personality and Social Psychology, 84 (March), 540-57 

‚ К Chris Rachal, Steven J Sandage, Everett L Worthing- 
ton Jr, Susan Wade Brown, and Terry L Hight (1998), “Inter- 
personal Forgiving 1n Close Relationship Vol 2 Theoretical 
Elaboration and Measurement,” Journal of Personality and 
Social Psychology, 75 (December), 1586—1603 

McGregor, Jena (2008), “Consumer Vigilantes,” BusinessWeek, 
(March 3), 37-58 

















When Customer Love Turns into Lasting Hate / 31 


Podsakoff, Philip М, Scott В MacKenzie, Jeong-Yeon Lee, and 
Nathan P Podsakoff (2003), “Common Method Biases in 
Behavioral Research A Critical Review of the Literature and 
Recommended Remedies,” Journal of Applied Psychology, 88 
(October), 879-903 

Raudenbush, Stephen W and Anthony S Bryk (2002), Hierarchi- 
cal Lineal Models Applications and Data Analysis Methods, 
2d ed Thousand Oaks, CA Sage Publications 

Rindfleisch, Aric, Alan J Malter, Shankar Ganesan, and Christine 
Moorman (2008), “Cross-Sectional Versus Longitudinal Sur- 
vey Research Concepts, Findings, and Guidelines,” Journal of 
Marketing Research, 45 (June), 261-79 

Ringberg, Torsten, Gaby Odekerken-Schroder, and Glenn Chris- 
tensen (2007), “A Cultural Models Approach to Service Recov- 
ery,” Journal of Marketing, 71 (July), 194-214 

Roehm, Michelle L and Michael K Brady (2007), “Consumer 
Responses to Performance Failures by High-Equity Brands,” 
Journal of Consumer Research, 34 (December), 537-45 

Singh, Jagdip (1988), “Consumer Complaint Intentions and 
Behavior Definitional and Taxonomical Issues,” Journal of 
Marketing, 52 (January), 93-107 

Sirdeshmukh, Deepak, Jagdip Singh, and Barry Sabol (2002), 
“Consumer Trust, Value, and Loyalty in Relational 
Exchanges,” Journal of Marketing, 66 (January), 15—37 

Skarlicki, Daniel Р, Robert Folger, and Paul Tesluk (1999), “Per- 
sonality as a Moderator ш the Relationship Between Fairness 
and Retaliation,” Academy of Management Journal, 42 (Febru- 
ary), 100-108 

Smith, Amy К, Ruth ЇЧ Bolton, and Janet Wagner (1999), “A 
Model of Customer Satisfaction with Service Encounters 
Involving Failure and Recovery,’ Journal of Marketing 
Research, 36 (August), 356-72 


32 / Journal of Marketing, November 2009 


Sydell, Laura (2007), “On the Internet, Is Everyone an Expert?” 
(accessed December 12, 2007), [available at http //www npr 
org/templates/story/story php?storyId-15671312] 

Tax, Stephen S , Stephen W Brown, and Murali Chandrashekaran 
(1998), “Customer Evaluations of Service Complaint Expen- 
ences Implications for Relationship Marketing,” Journal of 
Marketing, 62 (April), 60-76 

Thomson, Matthew, Deborah J MacInnis, and С Мап Park 
(2005), “The Ties That Bind Measuring the Strength of Con- 
sumers’ Emotional Attachments to Brands,” Journal of Con- 
sumer Psychology, 15 (1), 77-91 

Tripp, Thomas М and Robert J Влез (1997), “What’s Good About 
Revenge? The Avenger’s Perspective,” 1n Research on Negotia- 
tion in Organizations, Vol 6, Roy І Lewicki, Robert J Влез, 
and Blar Н Sheppard, eds Greenwich, CT JAI Press, 145-60 

Wade, Susan H (1989), “The Development of a Scale to Measure 
Forgiveness,” doctoral dissertation, School of Psychology, 
Fuller Theological Seminary 

Ward, James C and Amy L Ostrom (2006), “Complaining to the 
Masses The Role of Protest Framing ın Customer-Created 
Complaint Web Sites,” Journal of Consumer Research, 33 
(December), 220-30 

Yim, Chin Kin (Bennett), David K Tse, and Kimmy Wa Chan 
(2008), "Strengthening Customer Loyalty Through Intimacy 
and Passion Roles of Customer—Firm Affection and 
Customer-Staff Relationships 1n Services,” Journal of Market- 
ing Research, 45 (December), 741-56 

Zoumig, Haithem, Jean-Charles Chebat, and Roy Toffoli (2009), 
“Consumer Revenge Behavior A Cross-Cultural Perspective,” 
Journal of Business Research, 62 (10), 995-1001 


Diego Rinallo & Suman Basuroy 


Does Advertising Spending Influence 
Media Coverage of the Advertiser? 


Recent studies have shown that consumers’ product choices are significantly influenced by media coverage and 
recommendations In various media outlets Unlike advertising, consumers perceive these sources as neutral and 
more credible because they usually presume that editorial content and product coverage їп newspapers and 
magazines are independent and free from advertisers’ influence In this article, the authors show how advertising 
activities of firms may influence media coverage to the firms’ advantage They analyze a recent (2002-2003) large 
data set comprising 291 fashion companies based in Italy and their advertising and product coverage data 
published in newspapers and magazines of 123 publishers from Italy, France, Germany, the United Kingdom, and 
the United States Controlling for firm heterogeneity, endogeneity, and the simultaneity of advertising and coverage, 
the authors find that, overall, (1) there is evidence of a strong positive influence of advertising on coverage, (2) 
publishers that depend more on a specific industry for their advertising revenues are prone to a higher degree of 
influence from their corporate advertisers than others, (3) peer pressures from competing publishers affect 
coverage decisions, (4) larger and more innovative companies are at an advantage for obtaining coverage for their 
products, and (5) the effects of corporate advertising influence exist in both Europe and the United States These 
findings raise concerns about the independence of editorial content and coverage of magazines 


Keywords advertising, media coverage, publicity, fashion, magazines 


T= media routinely provide coverage of and rate and lying these studies 1s that media coverage and recommenda- 
recommend products and services, such as books, tions are relevant for the commercial success of products 
movies, cars, restaurants, computer hardware and and services 

software, fashion items, wines, and so оп, for their readers However, these media's primary source of income 1s 
Several empirical studies have tried to model the 1mpact of advertising, not circulation (Mantrala et al 2007) Advertis- 
such media content on consumers' choices and market out- 1ng revenues accrue from the many marketers that advertise 
comes (Basuroy, Chatterjee, and Ravid 2003, Chevalier and their products and services 1n these media outlets Yet the 
Mayzhn 2006, Eliashberg and Shugan 1997, Hennig- same media provide coverage and recommendations of 
Thurau, Houston, and Sridhar 2006, Hennig-Thurau, Hous- most of these products and services to their readers Under 
ton, and Walsh 2006, Holbrook 1999, Holbrook and Addis these circumstances, a major question that arises 1s, To what 
2007, Liu 2006) Despite significant differences in the extent are media outlets neutral 1n the coverage and recom- 
research questions investigated, a common theme under- mendations of their advertisers’ products? 


Although a large body of literature in marketing on 

advertising has demonstrated the myriad effects of advertis- 

SO == —є ing on sales (Leone 1995), profit (Erickson and Jacobson 
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123 publishers from Italy, France, Germany, the United 
Kingdom, and the United States For Italy, we augment our 
investigation with magazine-level data as well 

Our results indicate the influence of corporate advertis- 
ing on product coverage We find that (1) publishers that 
depend more on a specific industry for Ше advertising 
revenues are prone to a higher degree of influence from 
their corporate advertisers than others, (2) peer pressures 
from competing publishers affect coverage decisions, (3) 
larger and more innovative companies have an advantage 1n 
obtaining coverage for their products, and (4) the effects of 
corporate advertising 1nfluence exist 1n both Europe and the 
United States 

Our findings are significant for marketing scholars and 
practitioners for several reasons First, because consumer 
decisions are significantly influenced by coverage and rec- 
ommendations ın media outlets (Eliashberg and Shugan 
1997, Hennig-Thurau, Houston, and Smdhar 2006, Hol- 
brook 1999, Holbrook and Addis 2007, Liu 2006), which 
consumers consider neutral and, thus, more credible than 
advertising (Putrevu 2005, Vishwanathan et al 2007), cov- 
erage favoring advertisers may potentially reduce consumer 
welfare Second, by showing that a rule of reciprocity exists 
between advertising and editorial content ın different coun- 
tries, we contribute to the broad interdisciplinary scholar- 
ship that addresses the functioning of the media ın capitalist 
economic systems in the age of globalization Third, we 
propose that most marketing and public relations hand- 
books’ characterization of product publicity as unpaid 1s 
based on an assumption of independence of advertising 
from publicity—an assumption that our study questions in 
the context of consumer magazines Fourth, we show that 
there are significant differences among marketers in terms 
of the “productivity” of their advertising expenditures 
Firm-level characteristics (e g , size, degree of innovative- 
ness) and careful media planning decisions are significant 
predictors of firms’ return on advertising investments in 
terms of media coverage 

We organize the rest of this article as follows In the 
next section, we develop the key hypotheses Then, we 
describe the data Following this, we describe the methodol- 
ogy and present the results Finally, we conclude with a dis- 
cussion and the managerial implications of our results 


Theory and Hypotheses 


Advertising Influence on Publishers 

Media scholars (e g , Bagdikian 2000, Baker, 1994, Herman 
and McChesney 1997) have long been concerned about the 
possible threats to media objectivity deriving from capitalist 
marketplace forces Media organizations derive their reve- 
nue from two markets a consumer market for media prod- 
ucts and an advertising market (Mantrala et al 2007) in 
which access to an audience is sold to advertisers To the 
extent that they depend on the advertising market, media 
organizations are particularly vulnerable to advertiser pres- 
sures to modify editorial content The process may be con- 
scious, as suggested by reported cases of overt corporate 
pressures and threats to withdraw advertising investments 
(eg, Richards and Murphy 1996, Steinem 1990) Even 
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when no explicit pressures are exerted, media may engage 
ш self-censorship to please advertisers (Baker 1994) 

Empirical studies based on journalist surveys have 
found evidence of advertising-related media bias in news- 
papers (Soley and Craig 2002) and television networks 
(Price 2003) Reuter and Zitzewitz (2006, p 198) find that 
mutual fund recommendations are correlated with past 
advertising in three US personal finance publications 
They conclude that the most plausible explanation for their 
finding 1s causal, namely, that “personal finance publica- 
tions bias their recommendations—either consciously or 
subconsciously—to favor advertisers” Thus, we propose 
the following 


H, The more a company advertises 1n a given publisher, the 
greater 15 the coverage of 115 products шп that publisher’s 
magazines 


Publisher Dependency and Advertiser Influence 


Corporate influence on publishers may be more prominent 
in some cases than in others For example, Price (2003) 
finds that reported advertiser pressures are more frequent 1n 
some television networks (е g , CNN, PBS) than in others 
(eg, ABC, CBS) Similarly, Reuter and Zitzewitz (2006) 
find evidence of advertising-related bias 1n personal finance 
magazines but not in national newspapers Threats to with- 
draw advertising revenue might be ineffectrve when a media 
organization can easily find other advertisers to fill the void 
(Sutter 2002) Less diversified publishers, which depend 
largely on the advertising revenues from a single industry, 
exhibit higher levels of dependency on their corporate spon- 
sors Thus, less diversified publishers are motivated to pro- 
vide greater coverage for their clients than others On the 
basis of these arguments, we propose the following 


H, The influence of advertising on product coverage 1s 
greater in the case of less diversified publishers that are 
largely dependent on a single industry for their advertising 
revenues 


Advertising and Competitive Peer Pressure 


Competition among publishers may produce a tension 
between a publisher’s desires to conform to the advertiser’s 
expectations and а desire to maintain its own reputation 
Patterns of competitive peer pressures within professional 
communities of media experts are well documented 1n stud- 
1es on security analysts (Hayward and Boeker 1998, Zuck- 
erman 1999) and even literary critics (Janssen 1997, Van 
Rees 1987) According to Janssen (1997, p 278), “a critic’s 
selection of works for discussion should be the same as the 
selection made by his colleagues A critic who repeatedly 
concerns himself with works not considered to be worth- 
while by other critics may arouse doubts about his exper- 
tise The same holds for a critic who omits to deal with 
works deemed important by his fellow experts” Thus, the 
more a given company’s products are covered by competing 
publishers, the greater 1s the coverage of those products in 
any individual publisher 

Variance in coverage among competing publishers may 
also affect coverage decisions of any particular publisher 
Variance may be interpreted as a measure of uncertainty 


about product quality within an occupational community of 
product evaluators, which results in divergent coverage 
decisions (Hayward and Boeker 1998) Thus, we propose 
that variance has a negative impact on coverage decisions 
by a publisher All else being equal, the higher the variance 
ш a company’s products by other publishers, the lower 1s 
the coverage of those products by any specific publisher 

In summary, extant scholarship suggests that competi- 
tive peer pressures, captured by measures of mean and vari- 
ance 1n other publishers’ coverage, can affect the coverage 
decisions of individual publishers We hypothesize that such 
pressures will interact with advertising to affect product 
coverage From the perspective of any publisher, when a 
company’s products receive low coverage among compet- 
ing publishers, giving that company too much coverage 
visibility might make the publisher too noticeable and may 
even affect its reputation However, in the presence of high 
coverage of a company’s products among competing pub- 
lishers, any individual publisher may favor that advertiser 
by providing higher coverage without fearing for its reputa- 
tion 1n the field The influence of corporate advertising on 
product coverage decisions may also be affected by uncer- 
tainty about the quality of a company’s products, as cap- 
tured by variance of coverage In the case of low variance, 
relative consensus about the quality of a company’s product 
may cause divergent coverage to loom larger Conversely, 1n 
the case of high variance, publishers that go against the 
mainstream would not be easily noticed when covering too 
much of an advertiser's products Thus, variance may 
decrease the influence of corporate advertising on product 
coverage decisions Formally, we propose the following 


H4 The influence of advertising on product coverage in a 
given publisher 1s (a) greater the more a given company's 
products are covered by competing publishers and (b) 
smaller the higher the variance in the coverage of a given 
company's products 1n competing publishers 


Firm-Specific Characteristics and Advertiser 
Influence 


Are there differences among companies regarding the “рго- 
ductivity” of their advertising expenditures in terms of 
media coverage? Media attention for a company and its 
products 1s unequally distributed (Deephouse 2000) Some 
are consistently featured 1n media, while others never obtain 
any kind of coverage Size 1s one of the firm-specific char- 
acteristics that are likely to affect media visibility and cov- 
erage Larger and dominant firms within an industry often 
have greater influence over retailers and distributors and 
can get their products into more retail outlets and 1n better 
display positions than trailing firms (Ailawadi, Lehmann, 
and Neslin 2003) Similarly, larger corporations are likely 
to obtain better access to the media (Deephouse 2000) 
Thus, media organizations are likely to provide less product 
coverage to smaller corporations Thus, we propose the 
following 


Ha, The influence of advertising on product coverage 1s lower 
1n the case of smaller companies 


Product innovativeness may affect media coverage 
Because editorial content 1s limited, magazines must be 


selective 1n their coverage decisions Scholars have long 
tried to 1dentify the conditions that are likely to predict 
whether an event will be selected as news (Lippmann 
1992) Tbeones of newsworthiness (Galtung and Ruge 
1965, Ostgaard 1965) suggest that obtrusive elements of 
the environment have greater news value In the context of 
product coverage decisions, newsworthiness may be related 
to product innovativeness For example, radical product 
innovations (e g, Dewar and Dutton 1986) are arguably 
more likely to be featured 1n editorial content than incre- 
mental innovations Thus, newsworthy products are covered 
even in the case of low advertising expenditures Con- 
versely, the media would find it more difficult to cover com- 
panies whose products are not newsworthy, even when they 
are large advertisers Thus, we propose the following 


Hæ The influence of advertising on product coverage 15 
stronger for innovative companies than for noninnovative 
companies 


Within-Country Pattern of Advertising Influence 


When the publishers and the advertisers are based 1n the 
same country, does corporate advertising assume greater 
influence on coverage? The international business literature 
has long proposed the idea of a “liability of foreignness"— 
that 1s, a foreign firm may be at a competitive disadvantage 
relative to local firms (Zaheer 1995) National differences 1n 
the functioning mechanisms of media related, for example, 
to cultural norms and values may deeply affect the effective- 
ness of foreign media relations initiatives (e g , Sriramesh 
and Verčič 2003) Whether because of greater surveillance, 
familiarity with the domestic culture, nationalistic attitudes 
by media outlets, or other factors, the proximity of a com- 
pany to the publishers within the same country may result 
1n greater coverage for any given level of advertising 1nvest- 
ment Thus, we propose the following 


Hs Corporate advertising assumes a greater influence on cov- 
erage when the advertiser and the publisher are based 1n 
the same country 


Cross-Country Patterns of Advertising Influence 


Publisher reliance on advertising 1s a global phenomenon 
(Baker 1994, Gabszewicz, Laussel, and Sonnac 2001) 
Media conglomerates are multinational companies whose 
national branches are likely to adopt similar management 
practices Moreover, many companies advertise their prod- 
ucts in both foreign and domestic markets Globalization of 
markets (Levitt 1983) and the mass media (Herman and 
McChesney 1997) are likely to result 1n a standardization 
of the advertiser-publisher relationship In other words, 
although advertisers based 1n the same country may receive 
preferential treatment, we would be surprised by the lack of 
influence of advertising on the coverage decisions of for- 
eign media organizations Thus, we propose tbe following 


Hg The effect of corporate 1nfluence of advertising on cover- 
age by publishers 1s similar across countries 


We graphically depict our proposed model 1n Figure 1 
In the next section, we describe the data, the econometric 
methodology, and the results 
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FIGURE 1 
The Hypothesized Role of Publisher- and Firm- 
Level Variables on the Impact of Firm Advertising 
on Product Coverage in Editorial Content 
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Data, Methodology, and Results 


Our data are drawn from the Italian fashion industry, which 
has enjoyed a global presence and reputation as producer of 
fine fashion since the 1950s (White 2000) With 2006 reve- 
nues of almost €52 billion, Italy represents 25 5% of the 
total turnover of the European Union fashion system and 
ranks third in the world exports of clothing products (SMI- 
ATI 2007) The 61,624 Italian textile/clothing firms employ 
approximately 525,000 people With an average size of 8 5 
employees, the industry 1s fragmented and composed 
mostly of small firms that are highly export oriented (SMI- 
ATI 2007) 

Our sample consists of 291 Italian fashion companies 
and the volume of coverage of their products received 1n the 
2002—2003 period across a sample of 123 publishers inter- 
nationally (61 publishers from Italy, 15 from France, 15 
from Germany, 16 from the United Kingdom, and 16 from 
the United States) We consider company-publisher dyads 
The list of companies and publishers included in the data 
set appears in the Web Appendix (see http //www marketing 
power com/jmnov09) Data regarding sampled companies’ 
media coverage and advertising were provided by Visual 
Box srl, an independent market research company 1n Italy 
specializing in the fashion industry The greater number of 
Italian publishers 1n our sample reflects both a more 
crowded fashion magazine publishing industry 1n Italy and 
a greater coverage of Italy by the data source The sample 
for non-Italian publishers, according to our data provider, 
includes the vast majority of the foreign media organiza- 
tions relevant for Italian fashion advertisers (1e, those in 
which Italian companies advertise and/or products by Ital- 
1an producers are covered ın editorial content) We included 
companies in the sample on the basis of the availability of 
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financial data that we employ as control variables, and we 
included all Italian companies for which such data are pub- 
licly available 

The key focus of our empirical investigation 15 the 
determinants of the coverage a fashion company's products 
received 1n various magazines We focus on the volume of 
coverage because, unlike other kinds of products (eg, 
securities) magazines do not usually rate or recommend 
fashion items Such coverage typically consists of photo- 
graphic fashion spreads (Jobling 1999), such as the one 
shown 1n the Appendix For all the companies 1n our sam- 
ple, we gathered publisher-specific data on coverage Thus, 
in the case of Versace, for example, the data set 1ncludes 
the coverage of 1ts products 1n all the magazines published 
by Condé Nast Italy Axel Springer (Germany), Hearst 
(France), Dazed Group (the United Kingdom), Fairchild 
(the United States), and many more Alternatively, we could 
have considered more fine-grained levels of analysis (ie, 
the single magazine or the single journalist) However, fash- 
10п magazines’ authorship data are seldom reported, thus 
limiting our ability to consider this alternative Coverage at 
the level of the single magazine would have been a more 
feasible alternative, but the lack of 1nformation about the 
organizational structure of each publisher (e g , the relative 
level of editorial autonomy of each magazine, separate ver- 
sus collective advertising collection staffs) led us to decide 
on a more aggregate level of analysis at the publisher level 
However, we supplement our publisher-level analysis with 
magazine-level analysis for Italy 

The dependent variable for our analyses 1s the volume 
of media coverage a given company receives by a given 
publisher's magazines We employed two measures of 
media coverage that are commonly used ın the fashion 
industry (eg , Plazzotta 2004) (1) the number of product 
placements (NPLACE) 1n fashion magazines and news- 
papers and (2) the number of equivalent number of pages 
(NEQPAG) in fashion magazines and newspapers The for- 
mer counts every single product placement in a fashion 
spread as “1,” and the latter 1s a weighted measure that takes 
into consideration the presence of other products and the 
relative dimensions of the placements For example, if a 
fashion spread features a model wearing a Versace shirt 
over Armani trousers, each of the two companies 15 attrib- 
uted 1 placement but only 5 equivalent pages Thus, two 
companies with the same number of placements may have 
different levels of visibility For example, 1n 2003, both Gap 
Inc and Hermés received 45 placements 1n Vogue France, 
but the former received 7 68 equivalent pages and the latter 
received 13 03 equivalent pages (1e, almost 70% more) 
Although these two measures of media coverage are highly 
correlated, the equivalent number of pages 1s a more appro- 
priate indicator to measure the overall level of visibility a 
brand receives 1п magazines We analyzed both these mea- 
sures for 2003, but we report the results only for the number 
of equivalent pages, NEQPAG 

Advertising (AD) 1s the key independent variable and 15 
defined as a fashion company’s total number of advertising 
pages in each publisher’s portfolio of magazines m 2003 
This variable 1s a proxy for the company’s advertising 


expenditures, which are decided far 1n advance of coverage 
decisions In a variety of industries, 1! 15 common to use the 
number of advertising pages as a measure of advertising 
(Manchanda et al 2003, Reddy, Swaminathan, and Motley 
1998, Wang, Ausiello, and Stafford 1999) We could have 
employed advertising rates to estimate advertiser budget, 
however, publishers tend to aggressively employ undis- 
closed discount policies for competitive reasons, making 
comparisons difficult Thus, we opted for the number of 
advertising pages as a measure of advertising activity by 
corporations 

The other independent vanables we employed in the 
analysis are described in detail next We measured the 
degree of specialization 1n the fashion industry of each pub- 
hsher by counting the share of magazines 1n the publisher's 
portfolio devoted to fashion 1n 2003 For example, Condé 
Nast Italy has a portfolio of 13 magazines, 11 of which are 
dedicated to fashion (e g , Vogue Italia, L'Uomo Vogue) and 
2 of which are not (Architectural Digest and Condé Nast 
Traveller) Accordingly, 115 degree of specialization would 
be 846 (1e, 11/13) We then created a variable to denote 
the extent of specialization, SPEC, which takes values 
between 0 (no dependence on the fashion industry) and 1 
(fully dependent on the fashion industry) 

To measure the competitive peer pressure, we employed 
the mean and variance 1n coverage of a company's products 
by other publishers within the same country 1n 2003 (Hay- 
ward and Boeker 1998) We computed the mean as the sum 
of coverage 1n all other publishers/magazines 1n the same 
country, except for the “focal” publisher, divided by the 
number of publishers 1n that country (minus 1) For vari- 
ance, the formula is similar—that 1s, variance 1n all other 
publishers within the same country These variables are 
denoted as AVGEQ (mean) and VAREQ (variance) 

'To measure the degree of 1nnovativeness, we needed to 
consider that ın the fashion industry, innovation 1s driven by 
style rather than technology Stylistic 1nnovation refers to 
both a product's aesthetic and its symbolism (Cappetta, 
Cillo, and Ponti 2006, Hirschmann 1986) The fashion 
industry 1s characterized by a status hierarchy, on top are 
companies that present their collections 1n the context of the 
most important fashion weeks (Paris, Milan, London, and 
New York) Inclusion in the official calendars of these fash- 
10n weeks 1s highly selective and open only to companies 
that are considered style 1nnovators Because fashion weeks 
attract thousands of fashion journalists (Entwistle and 
Rocamora 2006), companies included in their calendars 
attract significantly more media attention than lower-status 
companies, such as Zara, Gap, or Benetton After all, 
Armani's new collections, which are presented 1n the con- 
text of Milan's prét-à-porter fashion shows, are much more 
newsworthy than those by Zara Thus, the presence of a 
company in the calendar of the most important fashion 
weeks can arguably be considered a proxy for that com- 
pany's status as an innovator ш this industry Accordingly, 
we analyzed the official calendars of fashion weeks 1n Paris, 
Milan, Rome, London, and New York (both haute couture 
and prét-à-porter) 1n the 2002-2003 period and created a 
dummy variable, INNOV, that takes a value of 1 1f the com- 


pany 1s present at least once and 0 1f otherwise ! Finally, we 
gathered control variables regarding company age (AGE), 
number of employees (NUMEMP), turnover (TURN), total 
assets (SIZE), and profitability (return on equity [ROE]) 
from secondary sources 


Model Specification 


The models need to be specified carefully to test the 
hypothesized influence of advertising on media coverage 
Several points underlie our model specification Furst, 
because we are interested 1п the drivers of both coverage 
and advertisements, we construct a system of two inter- 
dependent equations one equation with coverage as the 
dependent variable (coverage equation) and one with adver- 
tisement as the dependent variable (advertising equation) 
Second, following recommendations from prior literature 
(Basuroy, Desai, and Talukdar 2006, Elberse and Eliashberg 
2003, Reuter and Zitzewitz 2006), to account for the endo- 
geneity of advertising when estimating coverage, we treat 
both coverage and advertising as endogenous variables 
Third, we assume that the errors in the two equations may 
be correlated This implies that we need to take into account 
that exogenous factors not included 1n our model specifica- 
tion could simultaneously affect both coverage and adver- 
tisement We describe the principal relationship between 
coverage and advertising in the following two-equation 
model 


(1) IDNEQPAG,, = а BilnAD, + В,5РЕСА 
+ Вз5РЕСЅО, + ВАСАУСЕО у 
+ 8 СУАКЕО . + B¢SIZE,, _ 1 
+ ByINNOV,,_ , + BgSPEC, x InADy 
+ ВоСАУСЕО, | X InAD, 
t 8 СМАКЕО : x NAD 
+ B,,;SIZE,_ х ПАО 
+ BypINNOV,,_ 1 X InAD, 
+ Bi3ROE, _ 1 + BisNUMEMP,,_ ; 
+ БАВЕ, + ш, and 
(2) ПАР у = 6 + Y5InNEQPAG,, + ПАР | 
+ ¥3TURN, -1 + ТОКМО, _ 1 


+ YsINNOV,, -1 + 1 


INotably, larger companies do not necessarily participate in 
fashion shows, while smaller, emerging fashion brands use these 
events to make a reputation for themselves As a result, correlation 
between INNOV and indicator of firm size (total assets) 1s weak 
(see Table 2) 


Media Coverage of Advertising / 37 


where the subscript 1 refers to the ith fashion company, 
the subscript у refers to the jth publisher, and t (t — 1) 
denotes the current (previous) year Each of the variables 1n 
Equations 1 and 2 1s used on the basis of the previously pro- 
posed hypotheses The variables are defined as follows 
InNEQPAG = dependent variable = log of number of equiv- 
alent pages of coverage in 2003, InAD = log of advertising 
pages in 2003, SPEC = publisher’s degree of specialization 
in fashion, SPECSQ = square of SPEC, CAVGEQ = mean 
equivalent pages of coverage ın competitive publishers, 
CVAREQ = variance of equivalent pages of coverage in 
competitive publishers, SIZE = assets in 2002, INNOV = 
innovativeness measured by the number of fashion shows 1n 
2002, SPEC x ПАР, CAVGEQ x ПАР, CVAREQ x InAD, 
SIZE x ПАР, and INNOV x ПАР are the interaction terms 
of SPEC, CAVGEQ, CVAREQ, SIZE, and INNOV, respec- 
tively, with InAD, TURN = turnover in 2002, TURNSQ = 
square of TURN, ROE = return on equity, NUMEMP = 
number of employees, and AGE = age of the company The 
last three variables have been used extensively in the mar- 
keting literature as control variables of firms (eg, Luo 
2007) 

We use the log form of the key endogenous variables 
(Sriram, Balachander, and Kalwani 2007) АП the coeffi- 
cients are separately identified because each coefficient 1s 
associated with a unique variable (main effect or interaction 
effect with InAD) (A formal proof 1s available on request ) 
We employ a three-stage least squares (3SLS) procedure to 
estimate the system of equations because common factors 
may simultaneously affect advertisements and coverage 
The ordinary least squares (OLS) approach 1s inconsistent 
because the endogenous variable of advertising used as a 
regressor in the coverage equation 1s contemporaneously 
correlated with the disturbance term 1n the same equation 
In addition, because the errors across the equations (u, and 
Tu) may be correlated, а 3SLS procedure 1s more efficient 
than a 2SLS procedure (eg, Zellner 1962, Zellner and 
Theil 1962) 

Before proceeding, we need to examine whether simul- 
taneities exist between coverage and advertisement We 
apply the Durbin-Wu-Hausman test to investigate whether 
the OLS estimates of the structural equations are consistent 
If we reject the null hypothesis that OLS estimates are con- 
sistent, endogeneity 1s present and the instrumental variable 
(IV) estimator 1s preferred over OLS (Davidson and Mac- 
Kinnon 1993) In general, failure to reject the null hypothe- 
sis 1mplies that there 1s no need for structural modeling, but 
failure to reject 1t may or may not 1mply the presence of 
endogeneity Only under very special conditions (see 
Geroski 1982, p 58) 1s failure to reject compatible with 
exogeneity Therefore, 1t 1s convenient to regard failure to 
reject as indicative only of exogeneity Our Durbin-Wu- 
Hausman tests reveal evidence of endogeneity (y? = 
8812 93, p « 00) and confirm our a priori reasoning for 
opting for a simultaneous system of estimation Davidson 
and MacKinnon (1993, р 234) state that, ın general, it 15 
desirable for a model to be somewhat overidentified to 
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ensure good finite sample properties for the use of IV esti- 
mation such as 3SLS, and our model 1s overidentified 2 

The three instruments used in Equation 2 are lagged 
advertising, lagged turnover, and turnover square 
Wooldridge (2003) recommends that instruments should 
explain AD but have minimal correlation with the original 
model residual Lagged advertising has been used ш the 
marketing literature as an instrument (see Sriram, Bal- 
achander and Kalwam 2007) Lagged turnover ıs also a 
potential predictor of AD, and so we use 1t as an mstrument 
along with its square (see Palia 2001) First-stage regres- 
sions show that both lagged advertising and lagged turnover 
are significant A useful check of the relevance of instru- 
ments 15 to ensure that the F-statistic from the first-stage 
regression exceeds ten (see Stock and Watson 2003, chap 
10), and ın our case, this condition 1s satisfied 


Results 


Table 1 presents descriptive statistics for the full sample 
We report the correlation matrix in Table 2 We ran several 
fixed-effects regressions to check for omitted factors that 
affect both advertising and coverage, including any unob- 
served heterogeneity (Wooldridge 2003) The fixed-effects 
results show significant, positive effects of advertising on 
coverage, thus conclusively ruling out the explanation for 
spurious correlation and unobserved heterogeneity Table 3 
reports the results of the 3SLS regressions for dependent 
variable “number of equivalent pages (NEQPAG) "3 It also 
reports the results of a series of nested models, which show 
the robustness of the hypothesized effects Model 5 adds 
significant effects relative to all other models that are nested 
init A nested F-test between Model 4 and Model 5 was sig- 
nificant (Fi, 25197 = 126 72, р > 00) Thus, we focus on 
Model 5 when discussing the key results 

Н, predicts that advertising by corporation 1 will posi- 
tively influence the coverage of that corporation’s products 
in the magazines and newspapers of publisher ] Ideally, if 
coverage and editorial contents of publishers are free of cor- 
porate influence, the coefficient of advertising, Bı, would be 
expected to be insignificant and statistically not different 
from zero However, the coefficient of advertising 1s posi- 
tive and significant 1n Table 3 (B — 399, p « 01), 1n support 
of our key hypothesis Whether because of overt pressures 
or an unconscious desire to please advertisers, publishers 
provide a special treatment to companies that, through their 
advertising 1nvestments, provide magazines with financial 
resources necessary for economic survival and market 
Success 


2The 3SLS procedure first estimates the advertising model (Step 
1), then 1mputes the predicted advertising level ın the main and 
interaction effects of the coverage model (Step 2), and finally rees- 
timates the system taking estimated error correlations into 
account In Step 2, 1t uses as the 1nteraction Advertising hat x X 
(where Advertising, hat 15 the predicted advertising level and X is 
a variable whose moderating effect 1s studied) because the endo- 
geneity of advertising 1s not limited only to main effects 

3We also ran the 3SLS regressions on the number of placements 
(NPLACE), and the results were similar to the one we report here 
For space considerations, we do not report the NPLACE results 
here 


TABLE 1 
Descriptive Statistics for the Data Set 











Variable Minimum Maximum M SD 
Number of placements in 2003 (NPLACE) 0 1,078 4 362 26 082 
Number of equivalent pages in 2003 (NEQPAG) 0 333 210 1 100 7 216 
Mean equivalent pages in competitive publishers in 

2003 (CAVGEQ) 0 31 537 1 067 2732 
Variance in equivalent pages in competitive publishers 

in 2003 (CVAREQ) 0 4,531 227 43 704 274 682 
Innovativeness, measured by the presence/absence of 

fashion shows in 2002 (INNOV) 0 1 219 414 
Advertising pages in 2003 (ADO3) 0 191 877 5 358 
Advertising pages in 2002 (ADO2) 0 172 795 5 033 
Turnover in 2002 (€) (TURN) 0 1,922,570,000 66,219,000 148,074,685 20 
Total assets in 2002 (€) (SIZE) 17,961 1,975,631,000 72,607,000 174,069,896 26 
Number of employees in 2002 (NUMEMP) 1 14,452 221 820 967 661 
Return on equity in 2002 (ROE) –8 743 3 961 051 664 
Company age in 2003 (AGE) 1 166 27 090 24 232 
Notes N = 35,793 cases (i e , 291 companies x 123 publishers) 

TABLE 2 
Correlations Among Variables 
NEQPAG CAVGEQ CVAREQ INNOV ADO3  ADO2 TURN SIZE NUMEMP ROE AGE 

NEQPAG 100 
CAVGEQ 36 100 
CVAREQ 22 66 100 
INNOV 23 56 41 100 
Ароз 72 26 10 13 100 
Арог 68 23 11 12 86 100 
TURN 09 21 15 05 09 08 1 00 
SIZE 06 15 10 07 06 06 94 100 
NUMEMP 01 02 01 — 01 — 00 00 19 22 100 
ROE 02 05 05 07 02 01 16 14 02 100 
AGE — 03 – 07 – 02 — 05 – 03 – 03 03 05 26 – 02 1 00 


Notes ADO3 = advertising pages in 2003, CAVGEQ = mean equivalent pages of coverage in competitive publishers, CVAREQ = variance of 
equivalent pages of coverage in competitive publishers, INNOV = company innovativeness measured by whether it had a fashion show 
in 2002, SIZE = assets in 2002, TURN = turnover in 2002, ROE = return on equity, NUMEMP = number of employees, and AGE = age 


of the company 


Н» predicts that more specialized publishers who are 
largely dependent on a stngle industry will exhibit a greater 
degree of dependence in the coverage of their corporate 
sponsors Consistent with this hypothesis, we find that the 
coefficient of interaction term SPEC x InAD 1s positive and 
significant ın Table 3 (В = 318, р < 02), ın support of Н; 
Diversified publishers can obtain financial resources from 
advertisers ın different industries Companies unsatisfied 
with their product coverage would be more easily replaced, 
making overt or tacit threats of withdrawing advertising 
investments less consequential Thus, their reduced depen- 
dence on the fashion industry results in a reduced impact of 
advertising on their product coverage decisions In contrast, 
media outlets specializing 1n the fashion industry face more 
difficulties in substituting unsatisfied advertisers and, as a 
consequence, tend to produce editorial content that 1s more 
responsive to advertising investments 

Нз, predicts that advertising influence on the coverage 
of a company’s products will be greater the more those 
products are covered by competing publishers The coeffi- 
cient of CAVGEQ x InAD 1s positive and significant in 
Table 3 (B = 016, p « 01), lending support to H3, Thus, 
when the mean coverage of a company's products among 


competing publishers 1s high, the influence of corporate 
advertising appears to be greater for any publisher На 
examines another aspect of such competitive peer pres- 
sure—namely, the impact of variance 1n coverage among 
other publishers on any publisher's coverage decision The 
coefficient of CVAREQ x InAD 1s significant and, as 
expected, negative (B = — 0001, p « 01) We hypothesized 
that ın cases of uncertainty about the quality of a given 
company's products, publishers could favor their advertisers 
without appearing conspicuous and affecting their reputa- 
tion Our empirical results show that variance 1n coverage 
indeed adversely affects the impact of advertising on cover- 
age Apparently, fashion publishers “look less at each other" 
when covering advertisers whose product quality 1s uncer- 
tain and who correspondingly receive a reduced editorial 
visibility 

Нда predicts that smaller companies ın the industry are at 
a disadvantage 1n garnering coverage of their products com- 
pared with larger corporations Consistent with this hypothe- 
sis, we find that the coefficient of SIZE x InAD 1s positive 
and significant ın Table 3, ın support of На, Larger (smaller) 
companies get proportionately more (less) coverage given 
their levels of advertisements Нар predicts that publishers 
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will provide more coverage of innovative companies for any 
given level of advertisement In the fashion industry, there is 
a status hierarchy, at the top of which are companies that 
present their collections 1n the context of the most important 
fashion weeks and are viewed by the fashion media as style 
innovators As we expected, the coefficient of the interaction 
term INNOV x ШАР has a positive and statistically signifi- 
cant coefficient in Table 3 (B = 093, p « 01), m support of 
На Innovative companies get proportionately more cover- 
age for any level of advertising expenditures 

Н; suggests that corporate advertising assumes a greater 
influence on coverage when the advertiser and the publisher 
are based 1n the same country To test this, we create a 
country dummy (ITALY) that takes a value of 1 1f the coun- 
try ıs Italy and 0 1f otherwise Then, we create the inter- 
action term ITALY x InAD The coefficient of this inter- 
action in Model 5 1s positive and significant, suggesting that 
їп Italy, corporate advertising wields greater influence on 
coverage than 1n other countries, 1n support На Such “patri- 
otic" behavior may be the result of various factors, 1nclud- 
ing journalists’ preferences for Italian products and greater 
advertiser control of and familiarity with the domestic 
media system 


Finally, Hg predicts 1nstead that the advertising influ- 
ence on editorial content 15 sumilar across countries Table 4 
reports the results for each of the five countries Italy, 
France, Germany, the United Kingdom, and the United 
States For each country, the coefficient of B; 1s positive and 
significant, thus exhibiting strong proadvertiser bias among 
publishers in each country However, there are significant 
differences among countries 1n terms of the impact of 
advertising on product coverage For example, D, 1s rela- 
tively low ш the case of French publishers (В = 373, р < 
01) and relatively high in the case of US publishers (В = 
523, p< 01) To verify whether such differences are statis- 
tically significant, we employed a Chow test The results of 
the Chow test (F16, 25182 = 119 74, p < 01) reject the equal- 
ity of the parameters This leads us to reject Не, thus sug- 
gesting differential effects of advertising's influence on 
coverage across countries 


Magazine-Level Analysis 


In this section, we augment our analysis at the publisher 
level with additional data at the magazine level We 
obtained magazine-level advertising and coverage data for 
176 Italian magazines This expands the data set substan- 


TABLE 4 
Impact of Advertising on Media Coverage: Simultaneous Equations Estimation by 3SLS Using Country- 
Specific Publisher-Level Data 


Italy Germany 
Equation 1: InNEQPAGO3 
CONSTANT 036** 107** 
InADOS 572** 169** 
SPEC 234“ – 188** 
SPECSQ – 250** 069 
CAVGEQ 012** 124“ 
CVAREQ — 000** – 003** 
SIZE 6 88e-11 1 82e-10* 
INNOV 162** 134** 
SPEC x InADO3 325** 530** 
CAVGEQ x 036** 029** 
CVAREQ x — 0002** — 001** 
SIZE x InADO3 4 83e-10** 1 84e-09** 
INNOV x InADO3 064** 097** 
ROE 009** 034** 
NUMEMP 1 14e-06 -3 766-06 
AGE 000 000 


N = 12,505, R2 = 56 N = 3076, R2 = 63 
Equation 2: (InADO3) 


М = 3075, R? = 69 


France United Kingdom United States 
061** 024* 007 
373** 262** 523** 

— 073 164“ 054 
006 – 204“ — 051 
104“ 066** 110** 

— 002** – 002** — 003** 

4 21e-11 8 58e-11 -5 206-11 
082** 096** 086** 
374** 378** 127** 
006 061** — 003 
000 – 002** 000 

2 81e-10** 6 41e-10** З 44e-10** 
157** 226** 137“ 
022“ 030** 005 

–3 04e-07 —7 26е-07 7 23e-07 

— 000 — 000 – 000 


N = 3279, А2 = 69 М = 3279, R? = 72 


0006 — 004 016* 
522** 583** 609** 
520** 452** 472** 
—6 61e-11 9 57e-11 4 46e-11 
—4 08e-20 —1 40e19 —6 22e-20 
— 087“ — 098** – 131“ 


N = 12,505, А2 = 54 N = 3076, А2 = 68 М№ = 3076, А2 = 73 М = 3279, А2 = 76 М = 3279, А2 = 74 


CONSTANT – 024** — 002 
InNEQPAGOS 886** 451** 
InADO2 222** 503** 
TURN —2 12e-10** ~2 39e-10* 
TURNSQ 1 11e-19 4 10e-20 
INNOV — 181** — 129** 

“p< 05 

“p< 01 


Notes InNEQPAGOS = dependent variable = log of number of equivalent pages of coverage in 2003, InADOS = log of advertising pages in 2003, 
SPEC = publisher's degree of specialization in fashion, SPECSQ = square of SPEC, CAVGEQ = mean equivalent pages of coverage in 
competitive publishers, CVAREQ = variance of equivalent pages of coverage in competitive publishers, SIZE = assets in 2002, 
TURNO2 = turnover in 2003, INNOV = company innovativeness measured by whether it had a fashion show in 2002, SPEC x InADOS, 
CAVGEQ x InADO3, CVAREQ x InADO3, TURNO2 x InADOS, ITALY x InADOS, and INNOV x InADOS are the interaction terms of SPEC, 
CAVGEQ, CVAREQ, TURNO2, INNOV, and ITALY (country dummy), respectively, with InADOS, ROE = return on equity, NUMEMP = 


number of employees, and AGE - age of the company 
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tially, giving us 291 x 176 = 51,216 observations for Italy 
The analysis 1s done at the magazine-company dyad level 
We are also able to obtain the frequency of publication of 
each one of these magazines We code several dummy 
variables, such as daily, weekly, biweekly, monthly, 
bimonthly, quarterly, and semiannual, with the default being 
yearly We do not consider the SPEC (degree of specializa- 
tion) variable, which was applicable only at the publisher 
level Instead, we code magazines as being specialized 1n 
fashion 1f their total advertising or editorial pages equal or 
exceed the 75th percentile, this enables us to include not 
only magazines entirely devoted to fashion (ер, Vogue 
Italy) but also those that cover fashion a lot despite not 
being entirely dedicated to fashion (ер, many women’s 
magazines) and/or have readers who are a viable target 
group for fashion companies (е g, interior design maga- 
zines) Accordingly, we create a NONFASHION dummy 
variable, which equals 1 for magazines not specialized 1n 
fashion and 0 otherwise As ın Н», we expect that the 
impact of advertising on coverage will be lower 1n the case 
of nonfashion magazines We present the magazine-level 
results 1n Table 5 

Here, we summarize some highlights of the magazine- 
level analysis First, the coefficient of advertising, B4, at the 
magazine level is 254 (SE = 004) (Model 5 1n Table 5), 
which 1s less than 5096 compared with the pooled analysis 
at the publisher level within Italy (Dj = 572, SE = 022, ın 
Table 4) Thus, at the magazine level, the impact of adver- 
tising on coverage is lower, as may be expected considering 
that, in general, the coefficients of aggregated data are 
larger than those of less aggregated data (Garrett 2003) 
This finding may also partially reflect the adoption. of 
magazine portfolio strategies by publishers, so that advertis- 
ing 1n magazine A results 1n increased product coverage 1n 
magazine B Second, general results of all the hypotheses 
remain unchanged Third, among the frequency of publica- 
tion dummies, weekly, biweekly, and monthly are positive 
and significant, with the biweekly being the strongest, 
semiannual and quarterly frequencies are significant but 
negative, and the other periods are nonsignificant Appar- 
ently, all else being equal, the impact of advertising on cov- 
erage may be higher in some magazines than ш others 
Fourth, the coefficient of NONFASHION 1s negative and 
significant (B = —079, SE = 003) Consistent with Н», at 
the magazine level, we find that specialized media outlets 
that obtain their advertising revenue from a single industry 
provide more coverage to their advertisers Magazines with 
a more diversified advertiser base exhibit lower levels of 
dependency on their advertisers 


Discussion and Conclusion 


The media may play two roles in consumer information 
processes (Solomon 1986) (1) market simplification (by 
covering some products and not others, the media may 
reduce the number of alternatives considered by consumers) 
and (2) market guidance (by evaluating products, the media 
may influence the alternatives selected by consumers) Mar- 
keting studies have focused on critical reviews and recom- 
mendations (Basuroy, Chatterjee, and Ravid 2003, Eliash- 
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berg and Shugan 1997, Hennig-Thurau, Houston, and 
Sridhar 2006, Hennig-Thurau, Houston, and Walsh 2006, 
Holbrook 1999, Holbrook and Addis 2007), 1n which both 
effects are present In this article, we address the market 
simplification role of product coverage and examine some 
of 1ts determinants 

In the context we investigated, our study shows that edi- 
torial content 1s not free of advertiser 1nfluence With a suf- 
ficient advertising budget, the media may cover products 
without regard for their quality When promoting high- 
quality products, advertising’s influence on media coverage 
may actually increase consumer welfare 4 However, large 
advertising budgets are sometimes employed to compensate 
for reduced product quality (e g , Hennig-Thurau, Houston, 
and Sridhar 2006) In these cases, the impact of advertising 
on media content, which 15 considered more credible by 
consumers, 1s likely to reduce consumer welfare 

Our findings have implications for the conceptualization 
of product publicity in the marketing communication mix 
The usual characterization of product publicity with respect 
to advertising in marketing, communications, and public 
relations textbooks 1s “low cost and high credibility” 
(Williams 1988) However, as we show, high levels of prod- 
uct publicity (coverage) are hardly obtainable without sig- 
nificant advertising expenditures To the extent that our 
findings are generalizable to other industries and media 
channels, we contend that product publicity and advertising 
may not be considered distinct marketing communication 
tools Moreover, 1t appears that the characterization of prod- 
uct publicity as “unpaid” 1s grossly overestimated 

Our study has implications for marketing practitioners 
Advertising may have both a direct impact on product per- 
formance and an indirect one mediated by its influence on 
product coverage 1n the media Our model suggests that the 
elasticity of advertising on coverage 1s 4, though several 
meta-analyses have shown the elasticity of advertising on 
sales to be typically around 1 (Tellis 2004) Thus, the total 
effect of advertising on sales may be much larger than the 
direct effect, if the indirect effect through coverage 1s 
included and 1f coverage has a significant effect on sales 5 

Companies have many strategies available to increase 
the volume of coverage they receive for any given level of 
advertising expenditures First, innovative products are 
newsworthy Smaller companies, which according to our 
findings are at a disadvantage 1n obtaining media coverage 
for their products, are those that could benefit the most from 
the media’s quest for news The rather eccentric and stylis- 
tically innovative fashion sometimes presented by emerging 
designers may be a means to obtain coverage for their prod- 
ucts, despite their lack of advertising resources Companies 
from other industries may become inspired by the publicity 
strategies of these creative brands 

Second, companies should also consider the differences 
that exist among media outlets 1n terms of their responsive- 
ness to advertiser influence Thus, media planning decisions 
may affect the overall coverage obtained for any given level 


4We thank an anonymous reviewer for suggesting that biased 
media content can increase, as well as decrease, consumer welfare 
5We thank an anonymous reviewer for pointing this out 
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of advertising Diversified publishers and magazines are 
less dependent on the advertising revenues provided by any 
single 1ndustry As a consequence, companies that concen- 
trate their advertising investment on industry-specialized 
media will obtain greater coverage of their products In the 
same way, some magazines (weeklies, biweeklies) treat 
their advertisers in a more favorable manner than others 
Moreover, similar to consumers and industrial buyers (e g , 
Gurhan-Canli and Maheswaran 2000, Maheswaran 1994, 
White and Cundiff 1978), we found that media outlets react 
differently to the advertiser's country of origin. In the fash- 
ion industry, foreignness may be a liability for Italian com- 
panies in the case of possibly nationalistic French publish- 
ers but apparently not in the case of US media outlets 
Thus, return on advertising investments ın terms of media 
coverage may differ dramatically across countries 

Finally, patterns of 1nfluence among competing publish- 
ers are also important predictors of coverage decisions By 
advertising 1n a given magazine, a company obtains a direct 
benefit 1n terms of product coverage 1n the pages of that 
magazine However, as we show, the company also obtains 
an indirect benefit because competing magazines will be 
pressured to cover that company's products, even when that 
company may not be an advertiser Although our data do 
not lend themselves to testing the 1mpact of coverage deci- 
sions of individual magazines, ıt 15 likely that some maga- 
zines are more influential than others For example, Vogue 
USA may 1nfluence coverage decisions of other magazines 


In the Umted States and abroad Thus, companies could 
exploit the notion that journalists and publishers “look at 
each other” when making coverage decisions 

Our research also has several limitations that open up 
potential avenues for further research First, our data were 
gathered from a single industry whose idiosyncratic charac- 
teristics could limit the external validity of our research 
findings Because fashion 1s evaluated on the basis of sym- 
bolic and aesthetic elements (Cappetta, Cillo, and Pont: 
2006) that are intrinsically subjective, publishers could suc- 
cumb to advertiser influence more easily than 1n the case of 
products whose quality can be evaluated in an objective and 
reliable manner, such as safety and fuel consumption of 
cars or past financial performance and risk levels 1n the case 
of financial securities Thus, advertiser influence may be 
greater in fashion than in other types of products Second, 
we focused on Italian companies only Although the export 
orientation of these companies enabled us to explore issues 
of similarity in the responsiveness of media organizations to 
advertising pressures in the age of globalization, we were 
unable to explore country-of-orgin effects Further research 
should explore issues of nationalism and preferences for 
foreign products across media organizations Third, we 
gathered data on product coverage at the publisher level and 
augmented the analysis at the magazine level only for Italy 
Further research could explore more fine-grained analyses 
Much work remains to be done 


APPENDIX 
Example of Product Coverage by Publishers 
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Consumer-Based Brand Equity and 
Firm Risk 


Invesiors and managers evaluate potential investments in terms of risk and return Research has focused on linking 
marketing activities and resource deployments with returns but has largely neglected marketing’s role in 
determining risk Yet the theoretical literature asserts that investments in market-based assets, such as brands, 
should lead to reductions in firm risk Adopting risk measures that are well established in the finance literature, the 
authors use credit ratings to capture debt-holder risk and the standard deviation of stock returns to measure equity- 
holder risk, which they then decompose into systematic and unsystematic equity risk The authors examine the 
impact of consumer-based brand equity (CBBE) on firm risk using data covering 252 firms from EquiTrend, 
COMPUSTAT, and the Center for Research in Security Prices over the 2000—2006 period They find that a firm’s 
CBBE is associated with firm risk and explains variance in the risk measures beyond that explained by existing 
finance models (I e , it has “risk relevance") They also find that CBBE has a stronger role in predicting firm-specific 
unsystematic risk than systematic risk but that it also has a particularly strong role in protecting equity holders from 
downside systematic risk The results have clear economic significance and suggest that managers should make 
brand management part of the firm's risk management strategy and protect or even increase CBBE investments 
during periods of economic uncertainty 


Keywords consumer-based brand equity, firm risk, firm returns, shareholder value, marketing-finance interface 


anagers can increase the value of investors’ hold- Here, we focus on the role of consumer-based brand 
M ings in a firm in one (or more) of four ways (1) equity (CBBE) ın explaining firm risk. This 15 an important 

increasing the level of the firm’s cash flows, (2) gap 1n current knowledge for two main reasons First, risk 
realizing cash flows earlier, (3) extending the duration of affects the value that investors place on the firm's cash 
cash flows, and (4) reducing the risks to the firm's cash flows Therefore, lowering firm risk has an immediate 
flows (Rappaport 1997, Srivastava, Shervani, and Fahey impact on the firm’s market value (e g , Amit and Werner- 
1998) Thus, investors and managers are concerned not only felt 1990) Risk also determines a firm's cost of capital 
with assessing the firm's expected returns (1e, the antici- (eg, Merton 1987, Shin and Stulz 2000) By raising the 
pated level, timing, and duration of cash flows) but also required rates of return on the firm's equity and debt, higher 
with the associated risks, which are used to discount their levels of risk damage the firm's strategic opportunities and 
value (Day and Fahey 1988, Fama and French 1993) Mar- future financial returns (е g, Chatterjee, Lubatkin, and 
keting theorists posit that superior market-based assets, Schulze 1999) Firms expend significant resources building 
such as brands, may enable firms not only to increase and maintaining brand equity, and these investments are 
returns but also to lower the nsks associated with these fundamental to marketing theory explanations of firms' 
returns and thus increase their value (e g, Fornell et al returns to investors and their risk (Keller and Lehmann 
2006, Srivastava, Shervam, and Fahey 1998) Consistent 2006, Srivastava, Ѕһегуат, and Fahey 1998) Yet there 15 
with this notion, there 1s growing evidence linking brands currently no empirical support for the risk-related aspects of 
and firm stock returns (e g, Aaker and Jacobson 1994, these assertions This leaves an important theoretical 
2001, Kern and Sethuraman 1998, Madden, Fehle, and route—risk reduction—by which marketing can contribute 
Fournier 2006, Mizik and Jacobson 2008) However, little is to firm performance and the value delivered to investors 
known about the effect of brands on firm risk (McAlister, largely unexplored 
Srinivasan, and Kim 2007, Srivastava, Reibstein, and Joshi Second, marketers often lament that marketing costs are 
2006) viewed 1n accounting terms as an expense, to be evaluated 
тыш” се“ ә, м—_—_ only ш the short run and minimized, rather than 1n finance 
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ability not only to secure funds to invest їп marketing assets 
but also to ensure that they have an equal "seat at the table" 
1n corporate-level decision making (е g , Lukas, Whitwell, 
and Doyle 2005, Webster, Malter, and Ganesan 2003) It 
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also has potential implications for accounting regulations 
and financial reporting requirements (е g , Wyatt 2005) 

We address this important knowledge gap by empin- 
cally examining the relationship between a firm's CBBE 
and the risk to the firm's debt holders and equity holders 
Specifically, we assess the extent to which CBBE provides 
1ncremental information to widely used accounting mea- 
sures in predicting firm risk. Using standard predictor 
variables and modeling approaches for each risk-dependent 
variable from the finance literature, we first replicate prior 
findings 1n finance To these models we then add the firm's 
CBBE to assess the extent to which 1t has "risk relevance" 
in explaining debt-holder and equity-holder risk This 
approach 1s 1mportant because of managers' tendency to 
underinvest 1n brands when guided solely by their 1mpact 
on accounting measures (e g , Mizik and Jacobson 2008) If 
CBBE has risk relevance for investors beyond any impact 
through current-term accounting outcomes, managers will 
be better able to avoid potential underinvestment in the 
firm's brands and to maximize long-term firm value 

Using data from the EquiTrend database, COMPU- 
STAT, and Center for Research 1n Security Prices (CRSP) 
covering 252 firms operating 1n consumer markets over the 
2000-2006 period, we find that a firm's CBBE 1s signifi- 
cantly related to the risk of the firm's debt and equity 
Importantly, CBBE explains variance in firm risk. beyond 
that explained by traditional finance models Specifically, 
we find that firms with higher CBBE have higher credit 
ratings and lower total, systematic, and unsystematic equity 
risk We also find that CBBE has a particularly strong role 
in predicting unsystematic equity risk and downside sys- 
tematic equity risk Our results indicate that the link 
between firm value and brand assets 1s partly explained by 
the effect of CBBE on firm risk 

We begin by examining the literature on firm пзк We 
then detail the theoretical rationale for linking CBBE with 
firm risk and develop specific research hypotheses Next, 
we describe our research design regarding the data set 
assembled and the analysis approach adopted We then pre- 
sent and discuss the results of our analyses and consider the 
implications for theory and practice Finally, we consider 
the limitations of our study and detail theoretically notewor- 
thy and managerially relevant avenues for further research 


Overview of Firm-Level Risk 


Risk 15 a critical concept in the fields of finance, insurance, 
accounting, strategic management, and marketing Two 
related aspects of risk are important 1n any study of firm- 
level risk. the type of risk and the stakeholders involved 


Types of Firm-Level Risk 


Two 1mportant types of risk have been identified as being 
potentially 1mportant in understanding firm-level risk The 
first 1s variability-based risk—the perspective adopted in 
most marketing research (eg, Gruca and Rego 2005, 
McAlister, Srinivasan, and Kim 2007) From this perspec- 
tive, variability ın firm cash flows creates uncertainty in 
terms of a lack of predictability Investors require higher 
rates of return to compensate for lower predictability, which 
translates into lower stock prices and higher debt costs The 
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second type 15 vulnerability-based msk—the perspective 
adopted 1n finance research that deals with firm debt and 1n 
accounting research that deals with bankruptcy (eg, 
D'Aveni and Шписћ 1992, Miller and Leiblein 1996) From 
this perspective, firm cash flows are assessed 1n terms of the 
likelihood that they will be sufficient to meet the firm's 
financial needs and obligations This vulnerability aspect of 
risk 15 analogous to notions of “probability of loss" in con- 
sumer behavior and insurance research (Mitchell 1999) 
Studies have shown that the vulnerability-based risk рег- 
spective 1s widely held among both managers and investors 
(eg, Ruefli, Collins, and Lacugna 1999) Although cash 
flow vulnerability 1s a key aspect of firm-level risk in mar- 
keting theory (e 2 , Dickson and Gigherano 1986, Srivas- 
tava, Shervani, and Fahey 1998), ıt has not been етршсаПу 
studied by marketing researchers 


Stakeholder Risk Perspectives 


Different stakeholders may have different interests in and 
perspectives on firm-level risk For example, the perspec- 
tives of investors, employees, and governments are likely to 
be different (е g , Ruefli, Collins, and Lacugna 1999) Here, 
our primary focus 1s the investor perspective, for which 
finance theory indicates two key stakeholders—debt hold- 
ers and equity holders Although the marketing literature 
has recently begun paying attention to equity holders, debt 
holders have not been studied by marketing researchers 
Yet, from a finance perspective, debt holders are often more 
important because they have the primary legal claim on the 
firm's assets (e g , Brealey, Myers, and Allen 2008) Fur- 
thermore, the value of the world’s bond markets арргох!- 
mates that of equity markets, suggesting that investors 1n 
debt are as important as investors in equity By directly 
affecting the firm’s cost of debt and cost of equity, both 
debt-holder and equity-holder risks have an important effect 
on the firm's cost of capital (eg, Anderson, Mansi, and 
Reeb 2004, Ang et al 2006, Fama and French 1997, Merton 
1974) Thus, we view risk from both debt-holder and 
equity-holder perspectives 1n this study 


Debt-holder risk From a debt-holder perspective, the 
vulnerability of the firm’s future cash flows 15 the primary 
aspect of risk interest because this determines the firm’s 
ability to service 1ts existing debt and its capacity to take on 
and service new debt (е g , Merton 1974) This 1s consistent 
with accounting-based assessments of the likelihood of the 
firm being able to cover its debt repayments and avoid 
bankruptcy (eg, D'Aveni and Шписћ 1992, Singh, Fair- 
cloth, and Nejadmalayeri 2005) In addition, the value and 
liquidity of a firm’s assets may also play a part in debtor 
risk assessments because these can be used as collateral 
(е g , Brealey, Myers, and Allen 2008) 


Equity-holder risk From an equity-holder perspective, 
risk research 1n finance has been driven by the capital asset 
pricing model, which views “total” equity risk as the varı- 
ability of a firm's stock returns (e g, Markowitz 1999, 
Sharpe 1964) Total equity risk can be divided into “‘system- 
atic” equity risk—the extent to which a firm's stock return 
variability is related to that of the rest of the stock market— 
and “unsystematic” equity msk, which 1s firm-specific and 


unrelated to the market as a whole Therefore, systematic 
equity мек reflects the variability m a firm’s stock returns 
associated with macroeconomic events that affect the entire 
stock market, such as adjustments 1п interest or exchange 
rates and changes in energy prices (eg, Brealey, Myers, 
and Allen 2008) Meanwhile, unsystematic equity risk 
reflects the variability in a firm's stock returns associated 
with events that primarily affect only that firm, such as a 
labor dispute or the launch of an innovative new product 
(e g , Shin and Stulz 2000) 

Because systematic equity risk involves the impact of 
economywide events in terms of the correlation between 
variations 1п the firm’s returns and those of the overall stock 
market, it may be difficult for managers to control (eg, 
Lubatkin and Chatterjee 1994) Conversely, firm-spectfic 
events and the unsystematic equity risk they produce are 
more directly within managers’ control and therefore are 
more likely to be an important factor in managers’ risk 
assessments of the firm’s investment alternatives (ер, 
Chatterjee, Lubatkin, and Schulze 1999) In the few empiri- 
cal marketing studies that have explicitly addressed equity 
risk, researchers have assessed either firms’ total equity risk 
(e g , Gruca and Rego 2005) or their systematic equity risk 
(е g , Madden, Fehle, and Fournier 2006, McAlister, Srini- 
vasan, and Kim 2007) As a result, despite being viewed by 
researchers as the key factor in managers’ equity-related 
risk assessments of internal investment alternatives (ер, 
Chatterjee, Lubatkin, and Schulze 1999), few marketing 
studies have assessed firms’ unsystematic equity risk (e g , 
Luo and Bhattacharya 2008) 

By examining a firm's vulnerabihty-related risk from 
the perspective of debt holders and variability-related risk 
from the perspective of equity holders, our study provides a 
comprehensive understanding of how brands influence firm 
пзк Finance research has identified four types of variables 
as the most significant predictors of firm risk from the per- 
spective of both debt holders and equity holders firm size, 
financial leverage, profitability, and earnings variability 
(е g, Coles, Daniel, and Naveen 2006, Ferreira and Laux 
2007, Kaplan and Urwitz 1979, Kisgen 2006) By first 
replicating standard finance models using these variables to 
explain debt-holder and equity-holder risk and then explor- 
ing the extent to which firms’ brand assets add additional 
explanatory power to these finance models, we can examine 
the risk relevance of brand assets 1 


Brands and Firm-Level Risk 


The literature does not address which aspects of brand 
assets may be most closely connected with firm пзк We 
selected brand equity as the focus of this study because 
there was some support for the idea that this construct may 
be logically connected with firm risk The rationale 1s pro- 
vided theoretically by Srivastava, Shervani, and Fahey’s 
(1998) connection of market-based relational assets (ер, 


TWe synthesize the work of Anderson, Mansi, and Reeb (2004), 
Billett and Liu (2008), Kamstra, Kennedy, and Suan (2001), and 
Kisgen (2006) for our debt-holder-rsk model specification and 
that of Ferreira and Laux (2007) for our equity-holder-risk model 
specification 


brands) with the risks to firm cash flows There 1s also some 
empirical support for this theoretical relationship 1n Gruca 
and Rego’s (2005) findings linking cash flow variability 
with customer satisfaction as a market-based relational 
asset and 1n Madden, Fehle, and Fournier's (2006) finding 
that a portfolio of stocks for firms with high-value brands 
has lower systematic risk In theoretically linking brand 
equity with firm risk, we do not develop separate hypothe- 
ses for debt-holder and equity-holder risk, because the 
finance and accounting literature suggests that the rationale 
for the proposed impact of brand equity 1s conceptually 
similar for each group of financial claimants 

Brand equity ıs the value added to a product or service 
by из association with a brand name and/or symbol (ер, 
Aaker 2004, Keller 1993) Brand equity has been operation- 
alized in three main ways 1n the marketing literature (1) as 
consumers’ brand beliefs and attitudes that affect purchase 
behavior, (2) as an observed set of product-market-level 
revenue outcomes relative to an unbranded benchmark, and 
(3) as a financial-market-based estimate of the dollar value 
of the firm’s intangible assets that may be attributable to the 
firm’s brands (e g , Ailawadi, Lehmann, and Neslin 2003, 
Keller and Lehmann 2006) Here, we adopt a consumer- 
based perspective because all three approaches view the 
value of a brand’s equity as ultimately being a function of 
the value that the brand delivers to consumers (Aaker 
2004) 2 In turn, this 1s a function of consumers’ awareness 
of the brand and the image associations of the brand ın their 
memory (Berthon, Hulbert, and Pitt 1999, Lane and Jacob- 
son 1995) Brands with high CBBE are those that have high 
levels of consumer awareness and strong, positive, and 
unique associations in consumers’ memory (Keller 1993) 

The literature suggests three primary reasons to expect 
that firms with strong CBBE should have lower risk. First, 
by enabling rapid product/service identification and reduc- 
ing consumer search costs, brands with high consumer- 
based equity facilitate repeat-purchasing behavior (Berthon, 
Hulbert, and Pitt 1999, Keller 2003) This may be particu- 
larly important in relatively low-involvement purchase deci- 
sions, such as frequently purchased consumer packaged 
goods (eg, Hoyer and Brown 1990) In addition, high 
CBBE should be associated with consumers’ emotional 
connection with the brand and result 1n stronger brand loy- 
alty (e g , Chaudhuri and Holbrook 2001) Loyal consumers 
are those who rebuy a brand, consider only that brand, and 
engage in no brand-related information search (Newman 
and Werbel 1973) Thus, consumers who are loyal to a par- 
ticular brand are less susceptible to the marketing efforts of 
rivals, reducing “churn” among the brand’s customer base 
(Oliver 1997) The uniqueness aspect of CBBE (the differ- 
entiation between the brand's associations and those of 
other brands 1n consumers’ memory) should also reduce 
brand substitution and therefore further protect the firm's 
future cash flows (eg, McAlister, Srinivasan, and Kim 
2007, Mela, Gupta, and Lehmann 1997) 


2Product-market-based and financial-market-based brand equity 
operationalizations also require data that are not publically avail- 
able for most firms 
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Second, because they are perceived as higher quality 
(е g , Aaker and Jacobson 1994, Erdem 1998), brands with 
strong CBBE are associated with lower consumer price sen- 
sitivity (е g , Aulawadi, Neslin, and Lehmann 2003, Allenby 
and Rossi 1991) This should further enhance the behavioral 
loyalty we described previously because consumers will be 
less susceptible to price-based appeals from rival brands 
Lower price sensitivity among consumers should also pro- 
tect cash flows from the risks of supply and operational 
changes that rarse the firm's costs (e g , Sivakumar and Вај 
1997) This 1s consistent with management research linking 
higher product quality with lower firm risk (Kroll, Wright, 
and Heiens 1999) 

Third, among investors, firms with strong CBBE should 
also be more well known (have higher levels of awareness), 
and what 1s known about them should be more positive 
(have stronger positive quality associations) than firms with 
low CBBE This may have a corporate reputation effect, 
which signals lower risks to debt holders and equity hold- 
ers There 1s some support for such a direct signaling 
phenomenon, with several studies reporting that investors 
prefer to hold stocks of well-known companies (eg, 
McAlister, Srinivasan, and Kim 2007, Singh, Farrcloth, and 
Nejadmalayeri 2005) More formally, 


Н, CBBE 1s negatively associated with firms’ debt-holder and 
equity-holder risk 


Systematic risk pertains to variability 1n a firm’s stock 
returns that 1s common to the entire economy or market 
Therefore, firms that are able to cushion themselves from 
the трасі of market fluctuations and deliver consistent 
cash flows enjoy lower systematic risk As such, CBBE 
may reduce a firm's systematic risk by increasing brand 
loyalty, which decreases the risk of market-level shocks to 
the firm's cash flows Unsystematic risk pertains to stock 
return variability that 1s not explained by movements 1n the 
market as a whole and therefore 1s driven by firm-specific 
actions and shocks Investments in creating CBBE may 
affect unsystematic risk by creating a market-based asset 
that 1s significantly different from those created by other 
firms Although Н; posits that CBBE 1s negatively associ- 
ated with both systematic and unsystematic equity risk, 
there are reasons to expect that the magnitude of the effect 
of CBBE may be different across the two types of risk 

Specifically, we anticipate that the negative effect of 
CBBE 1s likely to be stronger on firms’ unsystematic than 
systematic equity risk for two reasons First, from a theo- 
retical perspective, brands are viewed as resources that are 
not only rare, valuable, and difficult to imitate or substitute 
but also idiosyncratic (е g, Aaker 2004, Barney 1991) 
Indeed, the reason a brand with strong CBBE 1s believed to 
be financially valuable 1s that the positive associations with 
the brand 1n consumers! memories are distinct from those 
with other brands (e g , Keller and Lehmann 2006, Mizik 
and Jacobson 2008) Such idiosyncratic brand associations 
are likely to mean that though brands with strong CBBE 
provide a protective earnings “cushion” from market-level 
shocks, each firm's specific brands may be affected differ- 
ently To the extent that firms’ brands are idiosyncratic, they 
are likely to have a stronger effect on firm-specific unsys- 
tematic risk than on systematic risk 
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Second, from an empirical perspective, recent research 
in finance has reported that unsystematic risk has a much 
greater role 1n explaining firms’ total equity risk than sys- 
tematic risk For example, both Goyal and Santa-Clara 
(2003) and Gaspar and Massa (2006) find that idiosyncratic 
risk explains more than 80% of total equity msk Thus, 
finance research suggests that market-level shocks are less 
frequent and/or less important 1n determining firms’ overall 
stock return variability Because brand assets are relatively 
stable and durable (e g, Aaker 2004), to the extent that 
CBBE protects the firm's returns, they are likely to play a 
more important role 1n doing so from the more frequent 
and/or important firm-specific shocks than from less fre- 
quent and/or less important market-level shocks Thus 


Н, СВВЕ ıs more strongly negatively associated with firms’ 
unsystematic than systematic equity nsk 


In further decomposing firms’ equity risk, researchers 
have recently begun to explore из "upside" (when stock 
returns are increasing) and “downside” (when stock returns 
are decreasing) components 3 This 1s a new (and still some- 
what controversial) approach 1n the finance literature exam- 
ining systematic risk (e р, Ang, Chen, and Xing 2006) It 
has also recently been extended into the realm of unsystem- 
atic risk in the marketing literature (e g , Tuli and Bharad- 
waj 2008) From a systematic-risk perspective, downside 
(upside) risk 1s the observed variability in a firm's stock 
returns accounted for by equity market movements when 
the stock market declines (trades higher) We expect that the 
systematic risk-reducing effect of CBBE 1s greater on 
downside risk than on upside risk for two reasons First, 
during market downturns, firms with strong CBBE are 
likely to be particularly strongly insulated from earnings 
declines because of the stronger loyalty and commutment of 
consumers to hugh-CBBE brands In addition, to the extent 
that price competition 1s enhanced during market down- 
turns, pressures for short-term price reductions are likely to 
be lower for brands with high CBBE, and engaging 1n price 
promotions 1s more likely to benefit high- than low-CBBE 
brands (е g , Allenby and Rossi 1991, Sivakumar and Ка] 
1997) Second, although brands with strong CBBE may 
achieve greater stability in returns (for the reasons we out- 
lined in H4), this 1s likely to be even more valued by 
investors when market-level cash flows are perceived as 
risky This 1s consistent with widely held investor sentiment 
regarding the “defensive” value of the stocks of well-known 
consumer packaged goods firms during times of economic 
uncertainty 

From an unsystematic-risk perspective, downside 
(upside) risk 1s the idiosyncratic variability ш the firm’s 
stock returns on days when the firm’s stock price moves 
lower (higher) The literature does not provide any specific 
reasons to expect that CBBE 15 more strongly negatively 
associated with downside than upside unsystematic risk 
However, analogically, Tuli and Bharadway (2008) find that 
firms with increasing levels of customer satisfaction have 
lower downside (versus overall) unsystematic risk To the 
extent that firms with strong CBBE can be expected to have 
higher levels of customer satisfaction and loyalty, this sug- 


3We thank an anonymous reviewer for this suggestion 


gests that CBBE 1s particularly important in lowering the 
variability of losses from investing 1n a firm's stock More 
formally, 


Нз CBBE ıs more strongly negatively associated with firms’ 
downside equity xisk than upside equity risk 


Research Design 
Data 


To examine the relationship between CBBE and firm пок, 
we use Harris Interactive's EquiTrend database as our sam- 
pling frame This 1s an appropriate sampling frame for three 
main reasons First, Harris Interactive collects data on con- 
sumer brand perceptions that are required to operationalize 
CBBE Second, brands owned by a large number of firms 
across a wide range of different categories are included in 
the EquiTrend database, which provides a broadly based 
sample from a generalizability perspective Third, most of 
the firms with brands represented 1n the EquiTrend database 
are publicly traded, which enables us to collect risk perfor- 
mance and other accounting, finance, and operating data 
from secondary sources 

Harris Interactive collects annual data from more than 
20,000 US consumers of more than 1000 large brands 
across 35 categories to measure consumers’ brand knowl- 
edge and perceptions The consumer sample 1s designed to 
be representative of the US population over 15 years of 
age, and each brand ın the database 1s rated by more than 
1200 consumers As we detail subsequently, we also col- 
lected data on several industry- and firm-level control 
variables from other secondary sources, including Standard 
& Poor’s COMPUSTAT and the CRSP databases Table 1 
provides descriptive statistics for each of the variables in 
our data set, which we discuss 1n greater detail subsequently 


Brand Equity 


At the brand level, our CBBE measure 1s a latent variable 
scaled to a 0—100 index and estimated using four 
individual-level consumer variables Famuliarity 1s assessed 
by consumer ratings of familiarity with the brand on a 
5-point scale (1 = “never heard of the brand,” 2 = “just 
know of the brand,” 3 = “somewhat familiar with the 
brand,” 4 = “very familiar with the brand,” and 5 = 
“extremely familiar with the brand”) Perceived quality 15 
assessed by consumer ratings of the quality of the brand 


on an 11-point scale (0 = *unacceptable/poor;" 5 = “quite 
acceptable,” and 10 = “outstanding/extraordinary”) Pur- 
chase consideration 1s assessed by consumers’ ratings of 
intentions regarding their future relationship with the 
brand on an 11-point scale (0 = "never would purchase the 
brand,” and 10 = “absolutely would purchase the brand”) 
Finally, distinctiveness 1s assessed by consumer ratings of 
the differentiation of the brand on an 11-point scale (0 = 
“not distinctive at all,” and 10 = “totally distinctive from 
others”) These four variables provide excellent indicators 
of consumers’ awareness of the brand (familiarity) and the 
strength of positive (perceived quality and purchase con- 
sideration) and unique (perceived distinctiveness) associ- 
ations with the brand 1n their minds, they are also the major 
aspects of Keller’s (1993) conceptualization of CBBE 

We validated our measure by comparing it with a 
product-market operationalization for the subsets of obser- 
vations that were common with our data set The correlation 
between our brand-level CBBE score and a revenue- 
premium value that we computed using Information 
Resources Inc’s data 15 57 (n = 92) This suggests that our 
data and operationalization provide a valid indicator of the 
strength of a brand’s CBBE We aggregate the CBBE score 
for each brand to the firm level (because this 1s the level at 
which investors assess risk) as the mean level of CBBE of 
all the firm's brands in the EquiTrend database 4 The mean 
CBBE value for the firms ın our sample ıs 60 8, with a 
median of 61 4 and a standard deviation of 7 9 


Firm Risk Measures 


We examine firm risk using two indicators First, credit rat- 
ings (COMPUSTAT Item 280), which provide an assess- 
ment of firms’ cash flow vulnerability (1e, the likelihood 
that they will be able to repay debt), are widely used by 
debtors (e g, Anderson, Mansi, and Reeb 2004, Kisgen 
2006) Credit rating 15 an ordinal measure ranging from 2 
(for an AAA rating, the highest possible) to 27 (for a D, or 
default) We reverse this measure by subtracting it from 27, 
so that a higher number corresponds to a higher credit rat- 
ing (1e , better credit worthiness with a maximum of 25 and 


4Although it may be preferable to weight each brand's CBBE 
by its relative contribution to the firm's overall revenue, such data 
are not publicly available for the vast majority of the brands ın our 
database 





TABLE 1 
Univariate Statistics (N = 1103) 
Variables M SD SE Minimum Mdn Maximum 
Credit rating 16 669 4143 123 000 17 000 25 000 
Total risk (annual) 35 54% 19 04% 57% 10 81% 30 18% 160 24% 
Systematic risk (annual) 15 06% 9 67% 29% 30% 12 64% 63 20% 
Unsystematic risk (annual) 31 40% 17 50% 51% 4 00% 26 41% 155 23% 
Return on assets (ROA) 416% 13 38% 36% —161 55% 5 52% 90 17% 
ROA variability 16 89% 160 90% 4 50% 06% 3 70% 4094 76% 
Market-to-book ratio 1377 1 069 030 —4 987 1383 7 299 
Size (assets) 29,701 64,807 1741 20 9234 750,507 
Leverage 282 255 007 000 244 2 140 
Diversification 8 078 5 865 158 1 000 8 112 31 000 
Age (months) 399 642 299 457 8 494 19 000 328 000 996 000 
CBBE 60 816 7 858 211 29 166 61 376 81 433 
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а minimum of 0) As Table 1 shows, the mean credit rating 
among the firms ın our sample was 16 7, with a median of 
17 (corresponding to a BBB+ rating) and a standard devia- 
поп of 4 1 (shghtly more than four rating categories) 

Second, we use the variance of stock returns as our 
measure of total equity risk, which 1s a widely used equity 
risk indicator 1n finance research (е g , Schwert 1989) For 
each firm year in our sample, using CRSP data, we 
retrieved daily stock returns for the 252 trading days before 
the fiscal year end The standard deviation of these daily 
returns 18 our measure of total equity risk The mean annu- 
alized total equity risk for our sample 1s 35 54%, with a 
median of 30 18% and a standard deviation of 19 04% 

We then separate our total equity risk measure into 1ts 
two components systematic equity risk and unsystematic 
equity risk Using the same daily returns data for each firm, 
we regress these against market returns and use the standard 
deviation of the errors in this regression as our measure of 
firms’ unsystematic equity risk (е g, Bansal and Clelland 
2004) We then subtract the squared standard deviation in 
the errors from the squared standard deviation 1n returns to 
obtain our systematic equity risk metric (e g , Lubatkin and 
Chatterjee 1994) Finally, we apply a square root transfor- 
mation to this measure to make 1t comparable to our total 
equity msk measure In our sample, annualized systematic 
equity risk has a mean of 15 06%, with a median of 12 64% 
and a standard deviation of 9 67%, and annualized unsys- 
tematic equity risk has a mean of 31 40%, with a median of 
26 41% and a standard deviation of 17 50% 

Management researchers argue that measures of firm 
risk should be widely available and well understood 1f they 
are to affect management behavior (e g , choices to invest in 
building brand equity versus some other asset) (e g , Ruefli, 
Collins, and LaCugna 1999) From this perspective, credit 
ratings are public data that are widely available and used by 
managers and investors Credit ratings have been estab- 
lished ш the finance literature as valid indicators of debt- 
holder risk, and when rating changes occur, both stock and 
bond prices have been shown to react (see Hand, 
Holthausen, and Leftwich 1992) Similarly, stock return 
variability 1s easily observed and 18 something that analysts 
and investors track Thus, the measures of risk we use are 
easy to understand and readily available to managers and 
investors 


Control Variables 


We include several firm- and industry-level covariates in 
our analyses, closely following widely used models of 
credit ratings (ер, Kamstra, Kennedy, and Suan 2001, 
Казреп 2006) and equity risk (е g , Ferreira and Laux 2007) 
in the finance literature This enables us to control for fac- 
tors that are already known to affect firm risk and to cali- 
brate the extent to which CBBE contributes new informa- 
tion in explaining firm risk—that 1s, its risk relevance (e р, 
Anderson, Mansi, and Reeb 2004, Billett and Liu 2008, 
Coles, Daniel, and Naveen 2006) 


Firm size We use COMPUSTAT data to compute the 
natural log of each firm's total assets (COMPUSTAT Item 
6) The value of a firm's assets should be associated with 
both the value of collateral available to secure debt and the 
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variability of the firm's returns All else being equal, firms 
with more valuable assets should exhibit better creditwor- 
thiness and greater returns stability The mean asset value of 
the firms 1п our data set 1s approximately $29 billion, with a 
median of $9 2 billion and a standard deviation of $64 8 
billion 


Leverage We compute leverage as the ratio of long- 
term debt (COMPUSTAT Item 9) plus current liabilities 
(COMPUSTAT Item 34) to total assets (COMPUSTAT Item 
6) The finance literature has linked leverage with equity 
risk and with firms’ ability to repay debt (е g , Ferreira and 
Laux 2007, Kisgen 2006) The mean leverage of the firms 
1n our data set 15 282, with a median of 244 and a standard 
deviation of 255 


Return on assets (ROA) We compute ROA as the ratio 
of income before extraordinary items to total assets 
(COMPUSTAT Items 18 and 6) The mean ROA 1n our data 
set 1s 4 2%, with a median of 5 5% and a standard deviation 
of 13 4% Greater ROA should be associated with improved 
creditworthiness and lower equity risk because it indicates 
the firm's likely future financial health (e g , Ferreira and 
Laux 2007, Kamstra, Kennedy, and Suan 2001) 


ROA variability We compute ROA variability as the 
standard deviation of the prior five years’ ROA The mean 
level of ROA variability in our data set 1s 16 89%, with a 
median of 3 7% and a standard deviation of 160 9% 
Greater ROA variability should be associated with 
decreased creditworthiness and higher equity risk because 1t 
indicates the uncertainty of the firm’s likely future financial 
health (Ferreira and Laux 2007, Kisgen 2006) 


Market-to-book ratio We compute market-to-book ratio 
by multiplying the total number of shares outstanding with 
the stock price at fiscal year end and then dividing ıt by the 
book value of common equity ((COMPUSTAT Items 25 x 
1991/60) Larger market-to-book ratios indicate investor 
expectations of greater future cash flow growth and there- 
fore should be associated with lower equity risk The mean 
market-to-book ratio for the firms in our sample 15 1 377, 
with a median of 1 383 and a standard deviation of 1 069 


Diversification Diversification in the firm's business 
operations 1s indicated by the number of different industries 
in which the firm operates These data are collected from 
the COMPUSTAT segments database Operating in a 
greater number of industries to reduce the negative impact 
of industry-level shocks and to provide countercyclical cash 
flows, both of which reduce firm risk, 1s a common reason 
proposed for firm diversification (е g , Lubatkin and Chat- 
teryee 1994) Following Ferreira and Laux (2007), we create 
a dummy variable to indicate whether the firm has signifi- 
cant business operations in one or more different industries 
(business segments) In our sample, more than 90% of the 
firms operate 1n more than one industry 

For control purposes, we also create a dummy for firm 
age (whether the firm had been listed on CRSP for more or 
less than 25 years), year dummies, and industry dummies 
We create industry dummies using two definitions First, we 
use firms’ primary Standard Industrial Classification codes 
to compute Fama and French’s (1997) industry definitions 
(48 industries) and corresponding dummies (47 dummies) 


Second, we use these codes to compute Barth, Cram, and 
Nelson’s (2001) industry definitions (14 industries) and 
corresponding dummies (13) Because the estimates ın our 
analyses do not change significantly when we use either of 
these two definitions and because none of the dummies are 
themselves significant, we chose to use Barth, Cram, and 
Nelson’s industry dummies in our analyses because they 
minimize loss 1п degrees of freedom 

We removed financial firms from our data set because 
their capital and risk requirements are heavily regulated and 
atypical We also removed privately held companies and 
nonprofit organizations for which the secondary financial 
data required for our analyses are not available The final 
data set contained 1096 firm-year observations for which 
we have complete data, representing 252 different firms 
over a seven-year period (2000-2006) Tables 1 and 2 and 
Figure 1 provide descriptive statistics and correlations for 
the variables 1n our data set 


Model Formulation 


We use two types of regressions to examine the associations 
between CBBE and firm risk. First, we use an ordered logit 
approach to estimate the relationship between firms’ CBBE 
and debt-holder risk because our credit rating measure 1s an 
ordinal scale with multiple categories (e g, Anderson, 
Mansi, and Reeb 2004, Kamstra, Kennedy, and Suan 2001) 
Second, we use a standard ordinary least squares (OLS) 
linear regression approach to estimate the relationship 
between firms’ CBBE and equity-holder risk because these 
risk measures are continuous (eg, Coles, Daniel, and 
Naveen 2006, Ferreira and Laux 2007) 

Time-series cross-sectional panel data sets present the 
potential for estimation bias and efficiency problems associ- 
ated with serial correlation (Kennedy 2003) This may be 
particularly problematic for the debt-holder risk model 
because credit ratings are not likely to change dramatically 
in the short run To address these potential concerns, we 
estimated cluster-adjusted robust standard errors for the 
credit ratings model (e g , Eckbo and Smith 1998) and use 
these to assess the significance of the estimates Because 
equity-holder risk does not closely follow a random walk, 
serial correlation should not be a major concern 1п these 
regressions Nonetheless, to assess this possibility, in addi- 
tion to using an OLS estimation, we computed the equity- 
holder regression models using the Newey—West method 
(Cecchetti, Kashyap, and Wilcox 1997) and found no sig- 
nificant changes to the estimates Therefore, we report the 
standardized OLS estimates ın Table 3 Finally, the Haus- 
man test (Greene 2003) indicates that a fixed-effects correc- 
tion 1s necessary 1n our models Therefore, we estimate our 
models using 1ndustry- and year-specific dummies We also 
test for violations of standard regression assumptions per- 
taining to model misspecification using Ramsey’s (1969) 
RESET test, normality using the Jarque—Bera test, and het- 
eroskedasticity using the Breusch-Pagan test None of these 
violations appear to be either generalized or problematic in 
our data Finally, the relatively low correlations among our 
independent variables and the variance inflation and condi- 
tion indexes statistics well below standard cutoffs (the high- 
est values being 2 7 and 9 8, respectively) indicate по par- 
ticular problems with multicollinearity in our regressions 


For the credit ratings equation, we synthesize the rele- 
vant findings of Anderson, Mansi, and Reeb (2004), Billett 
and Liu (2008), Kamstra, Kennedy, and Suan (2001), and 
Kisgen (2006) to develop our “financial control variables- 
only" baseline ordered logit model To examine the risk 
relevance of CBBE, 1n Table 3, we estimate a nested model 
formulation (1) intercept plus financial control variables 
only and (2) the 1ntercept and financial control variables 
plus the CBBE variable Similarly, for the total equity risk 
equation in Table 4, and 1ts decomposition into systematic 
equity risk and unsystematic equity risk and their upside 
and downside variants (Table 5), we follow Ferreira and 
Laux’s (2007) approach to develop our financial control 
variable model and then estimate two model specifications 
(1) intercept plus financial control variables and (2) inter- 
cept plus financial control variables and the CBBE vanable 


Results and Discussion 


Table 3 details the estimates for the credit rating model The 
estimates for the control variables are consistent with prior 
findings 1n the finance literature, and the R-square value of 
almost 62 8% for the baseline financial control variables— 
only model 15 almost exactly aligned with those reported in 
Kamstra, Kennedy, and Suan’s (2001) review of similar 
models in finance These control results mdicate that higher 
leverage decreases creditworthiness and that, though not 
significant, the coefficient on ROA variability 1s also ш the 
anticipated negative direction As we expected, larger ROA 
and total asset values are associated with higher credit rat- 
ings Although the results are not significant, the coefficient 
for diversification 1s 1n the direction predicted by the Шега- 
ture An R-square increase of 5% when CBBE 1s added to 
the equation indicates that CBBE has significant risk rele- 
vance This result suggests that the financial markets view 
CBBE as a strong predictor of firms’ ability to take on and 
service debt capital 

Table 4 details the estimates for the total, systematic, 
and unsystematic equity risk models Across all three equity 
risk dependents, our models have strong predictive power 
and exhibit significantly greater R-square values when 
CBBE 1s added to the financial control variables In terms 
of the three financial control variable baseline models, the 
R-square values are consistent with those observed 1n prior 
studies (eg, Coles, Daniel, and Naveen 2006, Luo and 
Bhattacharya 2008) In addition, the observed coefficients 
are consistent with prior findings in the finance hterature 
Namely, for systematic equity risk, only the ROA variable 
1s significant Meanwhile, for total and unsystematic risk, 
we find that firm size (1e, total asset value), ROA, and 
market-to-book ratio are negatively associated with equity 
risk, while leverage 1s positively associated with equity risk 
(eg, Coles, Daniel, and Naveen 2006, Ferreira and Laux 
2007) For all three equity risk dependents, the introduction 
of the CBBE variable significantly increases the R-square 
by 4%-6%, again indicating that CBBE contains risk- 
relevant information for the financial markets In support of 
Hy, the size and significance of the coefficients and the rela- 
tive R-square increases suggest that CBBE has a stronger 
negative impact on unsystematic than systematic risk 

Нз makes prediction about firms’ equity risk when 1 15 
subdivided into upside and downside risk As Table 5 
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FIGURE 1 
Credit Ratings Histogram 
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TABLE 3 
Debt-Holder-Risk Ordered Logit Model 





Credit Rating, . 1 = Во + ВА ROA, + BROA Variability, 
+ Bgln(Assets), + B4Leverage, 
+ B;Diversification, + B;CBBE; 


+& 
Financial Financial 
Control Control + 
Standardized Variables Brand Equity 
Estimates Only Variable 
ROA; 662* 616* 
ROA Variability; — 035ns – 01915 
Size (In Assets), 760* 780* 
Leverage, — 424* — 405* 
Diversification, o30ns 03475 
СВВЕ, 290“ 
Industry dummies Yes Yes 
Year dummies Yes Yes 
4? statistic 3744 3 5476 7 
АС 4663 8 4603 5 
–2 log-likelihood 4583 8 45185 
Adjusted pseudo-R? 62 80% 67 78% 
Incremental R? test 
p-value ( 000) ( 000) 


*p« 01 
Notes Dependent variable = credit rating n s = not significant, and 
AIC = Akaike information criterion 


shows, our results suggest that CBBE significantly reduces 
both upside and downside systematic and unsystematic risk 
The difference in the CBBE coefficient for upside and 
downside equity risk 1s not significant for unsystematic risk 
However, consistent with H3, we find that the size of the 
negative CBBE coefficient 1s significantly larger for down- 
side than for upside systematic risk This suggests that 
though CBBE always helps significantly reduce stock 
return variability, ıt ıs particularly helpful ın protecting the 
firm’s returns from economy- and market-level shocks dur- 
ing equity market downturns This provides an empirical 


rationale for the widely observed phenomenon of investors 
seeking to invest ın the stock of companies with strong 
brands operating ın consumer markets during periods of 
economic uncertainty 


Implications 


From a theoretical perspective, our findings provide the 
most comprehensive support to date for the central thesis 
that market-based assets affect firm msk This 1s a critical 
component in linking marketing with firm performance 
because when firm nsk 1s reduced, the value of the firm's 
cash flows increases even if their level remains exactly the 
same We show that brands can affect both the vulnerability 
of cash flows as reflected 1n evaluations of the risk to debt 
repayments and the variability of cash flows as reflected in 
stock return variations Overall, these results contribute new 
insights into the understanding of the role of brand assets 1n 
managing firm msk No previous research in marketing has 
examined the debt-holder risk perspective The only previ- 
ous empirical study of brands to pay any attention to the 
equity risk aspect of firm performance 15 that of Madden, 
Fehle, and Fournier (2006) They compare a stock portfolio 
of Interbrand-rated firms with a similar sample of nonrated 
firms and report that systematic equity risk 1s lower for the 
Interbrand portfolio Our study supports this finding (Table 
4) and complements 1t by finding an even stronger system- 
atc equity risk effect when stock markets move to the 
downside (Table 5) 

In addition, we find that CBBE 15 strongly related to the 
firm's unsystematic equity risk. Indeed, our results indicate 
that the CBBE effect on unsystematic risk 1s even greater 
than its effect on overall systematic msk This suggests that 
though both effects are significant, the idiosyncratic, firm- 
specific, risk-reducing effect of CBBE 1s stronger than its 
effect on insulating the firm from economy-level shocks 
This is consistent with recent findings in the context of cor- 
porate social responsibility (Luo and Bhattacharya 2008) 

Our study also has important implications for finance 
theory For example, previous studies in finance have found 
a negative association between firms’ intangible assets and 
their debt capacity and have suggested greater collateraliza- 
tion difficulties and higher liquidation costs of intangibles 
as a rationale (eg, Нагпѕ and Raviv 1991, Titman and 
Wessels 1988) As a result, finance research on capital 
structure has assumed that all intangible assets are unattrac- 
tive to debt markets Our results show that this 15 not the 
case, indeed, the risk relevance of CBBE for credit ratings 
suggests that brand assets can enhance rather than reduce a 
firm’s debt capacity Therefore, finance researchers should 
theoretically reexamine why this 1s the case for brands but 
not other types of intangible assets 

There may be several reasons that CBBE’s influence on 
firms’ capital structure differs from other types of legal 
(eg, trademarks, patents) and competitive (ер, knowl- 
edge, organizational culture) intangible assets From a mar- 
keting theory perspective, the most likely reason may be 
CBBE’s position as a market-based asset that has a direct 
value to customers (e g, Srivastava, Shervani, and Fahey 
1998) In contrast, most other forms of intangible assets are 
non-market-based resource inputs that may (or may not) be 
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TABLE 4 
Shareholder Risk Cluster-Adjusted Robust Regression 





Risk; , 4 = Во + ВА ROA, + B2ROA Variability, + B3Market-to-Book Ratio, + B,In(Assets), + B5Leverage: 
+ BgDiversification, + BzAge, + BgCBBE, + & 


Total Risk 
Financial Financial 
Control Control + 

Standardized Variables Brand Equity 
Estimates Only Variable 
ROA; – 320** – 313" 
ROA Variability; 01108 01013 
Market-to-Book Ratio, – 054“ – 048“ 
Size (In Assets); – 241“ – 239“ 
Leverage; 119" 116“ 
Diversification; — 01275 — 0091 s 
Аде; – 122** – 114** 
CBBE; — 095** 
Industry dummies Yes Yes 
Year dummies Yes Yes 
Adjusted R? 56 0196 61 7096 
incremental R? test p-value ( 000) ( 000) 
*p« 05 
“p< 01 


Systematic Risk Unsystematic Risk 


Financial Financial Financial Financial 
Control Control + Control Control + 
Variables Brand Equity Variables Brand Equity 
Only Variable Only Variable 
— 143** – 141** — 339** — 332** 
020п 5 020" 8 01175 0091 s 
— 009" 5 – 00775 — 062** — 055** 
028п = 0291 5 — 295** – 293** 
010ns 0091 s 140"* 136** 
– 006" s — 0041 $ – 01215 — 0081 = 
— 106** — 104** — 112** — 103** 
— 060* — 106** 
Yes Yes Yes Yes 
Yes Yes Yes Yes 
38 9496 42 9696 52 7796 57 1996 
( 000) ( 000) ( 000) ( 000) 


Notes Dependent variables = total, systematic, and unsystematic risk n s = not significant 


TABLE 5 
Upside and Downside Equity Risk Comparisons 


Risk, , 1 = Bp + B; ROA, + B2ROA Variability, + B4Market-to-Book Ratio, + B4In(Assets) + Bs;Leverage, 
+ B,Diversification; + В;Аде; + ВАСВВЕ, + & 


Systematic Risk 


Upside 
ROA; – 073“ 
ROA Variability, — 00115 
Market-to-Book Ratio; 01315 
Size (In Assets), 02718 
Leverage; — 00175 
Diversification; 032п $ 
Age; ~ 093*** 
CBBE; — 044“ 
Industry dummies Yes 
Year dummies Yes 
Adjusted R2 33 86% 
Brand equity estimate 

difference test p < 0001 

*p« 10 
**p« 05 
“p< 01 


Unsystematic Risk 


Downside Upside Downside 
0247 5 – 307*** — 286*** 
0201 s 0291 5 0181 5 

— 0451$ — 056** — 038* 
015ns – 279*** – 231*** 
04175 120*** 113*** 

— 029ns 010ns 00175 

ч 080*** a, 1 12*** = 100*** 

== 135*** EE 090*** =; 1 10*** 
Yes Yes Yes 
Yes Yes Yes 

27 82% 55 77% 53 06% 

p= 1244 


Notes Dependent variables = systematic and unsystematic risk ns = not significant Upside systematic risk is defined as a trading day for 
which the market returns exceeded the risk-free investment, otherwise, it is downside Upside unsystematic risk is defined as a trading 
day for which an individual stock return exceeded its average return for the year, otherwise, it is downside (for details, see Luo and Bhat- 


tacharya 2008, Tuli and Bharadwaj 2008) 


used in ways that ultumately create value for customers 
From a finance theory perspective, our results may also be 
interpreted as 1mplying that a more liquid market exists for 
brands than for other types of 1ntangible assets (1 e , brands 
are better collateral, with lower liquidation costs and higher 
asset market value) (eg, Myers 1977) Regardless, our 
results indicate the potential for an 1mportant new stream of 
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finance research that distinguishes between market-based 
and non-market-based intangible assets 1n predicting firm 
risk, capital structure, and cost of capital 

From a managerial perspective, we provide new insights 
into how investments in brand equity affect firm perfor- 
mance From an economic standpoint, our results strongly 
suggest that brands matter 1n contributing to firm perfor- 


mance by managing firm risk. For example, on average, a 
one-standard-deviation increase in CBBE (approximately 8 
points on our 100-роше scale) corresponds to a full two- 
category improvement ın the credit rating of the firms tn our 
sample The average firm 1n our sample has $10 billion in 
long-term debt, and a two-category credit rating 1mprove- 
ment from the sample average of BBB+ corresponds to a 
40-basis-point reduction in the cost of capital 5 This trans- 
lates into savings of approximately $40 million per year 1n 
debt service alone 

This suggests that when marketers attempt to persuade 
chief financial officers and others of the value of invest- 
ments ın the firm's brand assets, they should include reduc- 
tions 1n the firm's cost of capital 1n their payback calcula- 
tions The credit rating results we report here provide an 
initial calibration scale that may be useful for these pur- 
poses However, these figures likely underestimate the cost 
of capital benefits of firms' brand assets because they do not 
include the effects through equity risk reduction From this 
perspective, in our data set, a one-standard-deviation 
increase in CBBE corresponds to a 095 standard-deviation 
decrease in total equity risk (a 5 1% decrease), a 060 
standard-deviation decrease in systematic equity risk (а 
39% decrease), and 106 standard-deviation decrease in 
unsystematic equity risk (a 5 9% decrease) These percent- 
ages are substantial enough that they will also likely trans- 
late into a significantly lower cost of capital, with additional 
substantial corresponding savings for the firm To give 
some idea of the potential scale of these likely savings, 
using data from Stern Stewart, we examined the cost of 
capital for the firms in the top and bottom 10% of our 
CBBE data and found a significant difference in the 
expected direction of approximately 60 basis points (8 0096 
versus 7 4396) 

In addition, our results suggest that investments 1n creat- 
ing and maintaining CBBE are a direct way for managers to 
reduce risks that are idiosyncratic to the firm Thus, brand 
management should be viewed as an additional tool when 
planning and executing firms' risk-management strategies 
We also find that CBBE has a particularly strong role 1n 
reducing firm risk during periods when the stock market 1s 
trending downward This has important implications for 
brand-building and maintenance expenditures during peri- 
ods of economic contraction In particular, 1t suggests that 
simply reducing brand-related expenditures during a reces- 
sion (as 1s common) will likely increase rather than 
decrease firm risk. For the benefit of the firm's investors, 
marketers should use our risk-reduction results as evidence 
1n vigorously arguing with chief financial and chief execu- 
tive officers for at least sustaining expenditures that main- 
tain or enhance the firm’s CBBE during periods of eco- 
попис uncertainty 





5The credit risk. yield curve is nonlinear, indicating that the 
change in the cost of debt associated with a two-category credit 
rating improvement depends on the initial rating The 40-basis- 
point figure 1s taken from Bloomberg as of December 27, 2007, 
but this figure was relatively stable for the 12 months before this 
date We avoided using later yield curve figures because of the 
highly unusual turmoil 1n the debt markets since that time 


Finally, our study has important implications for finan- 
cial reporting regulations Accounting principles suggest 
that firms' financial statements should contain all possible 
information that may be valuable to investors (e g , Ittner 
and Larcker 1998) Our findings 1ndicate that information 
pertaining to firms’ CBBE has risk relevance beyond the 
value of accounting information contained in firms’ balance 
sheets and income statements As a result, our findings 1ndi- 
cate that firms may want to voluntarily disclose information 
pertaining to their CBBE, such as the results of consumer 
brand equity tracking studies Our results also add weight to 
the suggestion that accounting regulators should consider 
the development of standardized reporting requirements 
regarding firms’ intangible assets to help analysts and 
investors more accurately value firms’ stock and debt (e g, 
Whitwell, Lukas, and Hill 2007) Marketing researchers can 
play an 1mportant role 1n the development of standardized 
measurement systems for assessing firms' brand assets 
(e g , Fischer 2007) 


Limitations 


In interpreting the findings of our study, we should note 
several limitations ın our data set First, because of data 
source limitations, our sample contains only large publicly 
traded compames in the United States with end-user cus- 
tomers in the 35 categories captured by EquiTrend With 
252 different firms ın our data set, we expect these results to 
be generalizable, at least for large firms operating 1n con- 
sumer markets 1n which these findings are likely to have 
real economic significance However, our results may not 
be equally generalizable to firms whose end-user customers 
are businesses 

Second, we do not have EquiTrend data for all the 
brands owned by each of the 252 firms in our database 
Thus, the brands included in our data set contribute less 
than 100% of the sales revenue of the firms 1n our firm-level 
analyses, meaning that there 1s noise in our data Therefore, 
our findings may underestimate the significant effects of 
CBBE in reducing firm risk (Aaker and Jacobson 1994) 

Third, we adopt a conservative risk relevance approach 
to modeling the impact of CBBE on firm risk. This requires 
the use of standard finance research variables and estima- 
tion approaches This approach 1s helpful 1n ensuring that 
our results will be widely accepted by finance researchers 
and professionals (including chief financial officers) How- 
ever, this also limits the extent to which we can use addi- 
tional 1ndependent variables and nonstandard formulations 
of the risk-dependent variables and independent variable 
model setup 


Further Research 


Beyond the need for research to overcome these limitations, 
our study also suggests several new areas for further 
research First, finance theory suggests that investments 
with different risks should require different returns—the 
classic risk-reward trade-off Our results show that CBBE 
is associated with firm risk. This suggests that a firm with a 
portfolio containing brands with different levels of CBBE 
should view some of its brands as higher-risk investments 
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than others This should translate into higher hurdle rates 
for investment decisions based on the brand’s CBBE To the 
extent that this does not occur, managers will make subopti- 
mal marketing investments (Aaker and Jacobson 1987) Are 
such risk differences recognized by managers and reflected 
1n brand-related investments 1n practice? If so, do such risk- 
based brand investment criteria produce higher returns? In 
addition, the correlations in Table 1 indicate that brands 
with higher CBBE may simultaneously enjoy lower risk 
and greater returns This possibility should be investigated 
further 

Second, previous researchers have suggested the poten- 
tial utility of directly applying financial portfolio theory 
regarding investor strategies for mitigating equity risk to 
firms’ own investments in their product portfolios (eg, 
Cardozo and Smith 1983) This suggests some questions 
about whether and how firms’ brand portfolio strategy deci- 
sions, such as the number of brands to market and the dif- 
ferences among the brands 1n the portfolio, affect the risks 
and returns to their brand investments Conversely, other 
researchers have cast doubt on the utility of financial port- 
folio theory in this context and have suggested that 
1nvestors can more effectively and efficiently diversify away 
brand-specific risk by holding stocks in different firms 
(Devinney and Stewart 1988) Thus, an important issue for 
further research 1s the relative risk and reward performance 
of a stock portfolio of a larger number of different firms 
each marketing a single brand versus a smaller number of 


firms each marketing a larger number of equally strong 
brands 

Third, our CBBE findings raise the question of the 
1mpact of other market-based assets on firm risk For exam- 
ple, what 1s the risk relevance of firms' customer relation- 
ships, channel relationships, and market knowledge? How 
do these market-based assets compare with CBBE in 
explaining firm risk? Are different market-based assets 
complementary to one another, or are they substitutes in 
their relationship to firm risk? In combination, what 15 the 
magnitude of the impact of firms’ market-based assets on 
firm risk? Answering these questions provides an important 
and exciting challenge in building out knowledge of the 
contribution of marketing to firm performance and the value 
delivered to investors 


Conclusions 


Our study of the relationship between CBBE and firm risk 
contributes new insights to the emerging marketing—finance 
literature by illuminating a new way brands contribute to 
the financial performance of the firm We show that higher 
levels of the average CBBE of a firm’s brands have a robust 
impact 1n reducing debt-holder risk, thus directly contribut- 
ing to lowering the cost of capital for the firm In addition, 
we find that firms that possess brands with strong CBBE are 
also able to significantly reduce their equity msk These 
results are not only statistically significant but also have 
important managerial and economic significance 
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The impact of customer relationship management (CRM) implementation on firm performance is an issue of 
considerable debate This study examines the impact of CRM implementation on two metrics of firm 
performance—operational (cost) efficiency and the ability of firms to generate profits (profit efficiency)—using a 
large sample of US commercial banks The authors use stochastic frontier analysis to estimate cost and profit 
efficiencies and employ hierarchical linear modeling to assess the effect of CRM implementation on cost and profit 
efficiencies They find that CRM implementation is associated with a decline in cost efficiency but an increase in 
profit efficiency A firm-level factor, CRM commitment, reduces the negative effect of CRM implementation on cost 
efficiency The authors also find that two adoption-related factors, time of adoption and time since adoption, 
influence the relationship between CRM implementation and cost and profit efficiencies Early adopters benefit less 
from CRM implementation than late adopters However, time since adoption improves the performance of firms that 
implement CRM By demonstrating the different ways CRM implementation influences cost and profit measures, 
the study provides valuable insights to CRM researchers and managers 
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ver the past decade, many firms have implemented of value According to this view, CRM enables firms to aug- 
О: relationship management (CRM), а set of ment the value they extract from customers, while cus- 

information processes and technology tools that tomers gain greater value because firms meet their specific 
enable the development of firm-customer relationships needs 
(Rogers 2005) How does CRM affect organizational per- More recently, however, highly publicized failures of 
formance? In general, the academic literature suggests that CRM implementation have led to skepticism among man- 
CRM offers a firm strategic benefits, such as greater cus- agers about its much-vaunted potential to generate firm 
tomer satisfaction and loyalty (Kumar and Shah 2004), value (Ryals 2005, Zablah, Bellenger, and Johnston 2004) 
higher response to cross-selling efforts (Anderson 1996), For example, one industry study reveals that the majority 
and better word-of-mouth publicity Overall, there 15 a of CRM projects fall short of delivering strategic value 
strong sense that CRM efforts improve firm performance because they fail to grow customer loyalty, revenues, and 
(see the special section on CRM 1л the October 2005 issue profits sufficiently (Thompson 2005) Several articles 1n the 
of Journal of Marketing) Boulding and colleagues (2005) business press refer to the inability of CRM implementation 
note that CRM has the potential to enhance both firm per- to generate firm value (Rigby, Reichheld, and Schefter 
formance and customer benefits through the dual creation 2002, Whiting 2001) From the perspective of managers 1n 


firms that have implemented CRM, or plan to do so, these 
reports are disconcerting As far as managers of firms that 
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Previous studies have examined the influence of CRM 
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tion from academics (Kumar 2008) More important, an 
examination of the influence of CRM on firm performance 
using longitudinal data has been lacking (Boulding et al 
2005), thus limiting researchers from making assessments 
about the causal relationship between CRM and firm 
profitability 

In addition, prior research has not established a clear 
relationship between CRM implementation and organiza- 
tional efficiency, a measure of how well a firm uses its 
resources 1n producing outputs This 15 particularly surpris- 
ing because industry analysts predict that 70% of CRM 
spending in the coming years will be justified by its poten- 
tial to increase efficiency (Thompson and Maoz 2005) If 
CRM implementation improves a firm’s efficiency ш addi- 
tion to enhancing customer value, the case for 1ts wider 
adoption can be bolstered Indeed, considering the issue of 
dual value creation expected from CRM implementation, 
enhancement of firm efficiency could be an additional 
aspect of value creation for firms, supplementing the value 
extracted from customers by providing more effective solu- 
tions to their needs 

The key research questions addressed 1n this study are 
as follows First, how does CRM implementation affect a 
firm’s efficiency? Second, how does CRM implementation 
influence a firm's profitability? By focusing on the impact 
of CRM on both efficiency and profitability, this study 
offers a comprehensive view of its role 1n dual value crea- 
tion in organizations Potentially enhancing the value of this 
study 1s the notion that assessing the impact of marketing 
investments, such as those on CRM, on firm performance 
has become a major concern for scholars and practitioners 
(Rust et al 2004) Therefore, this study also contributes to 
the stream of literature that assesses the potential of market- 
ing investments to generate firm value Furthermore, given 
that CRM adoption 15 complex, it 1s necessary to examine 
which firm-level and adoption-level factors influence the 
relationship between CRM and firm performance Provid- 
ing insights into factors that moderate the relationship 
between CRM and firm performance will enable managers 
and researchers to understand the contextual influences on 
the relationship between CRM implementation and firm 
performance 

We address our research questions using data from the 
banking industry We estimate cost and profit performance 
for banks and observe how they vary when CRM 1s imple- 
mented We find that 1mplementing CRM decreases firm 
efficiency, though firms seem to recover over time Regard- 
less, CRM implementation enhances a firm's ability to earn 
profits In other words, implementing CRM requires addi- 
tional resources Despite this, firms that implement CRM 
generate revenue that exceeds the additional costs In effect, 
the results of this study support the contention that CRM 
enables firms to generate higher-quality products and ser- 
vices, albeit at higher costs The higher quality of their 
products and services enables these firms to gain a revenue 
differential that overcomes the higher cost of using CRM 
Thus, by implementing CRM, firms create value for them- 
selves by generating value for their customers Therefore, 
we find evidence 1n favor of the dual value creation role of 
CRM, except that the higher profits for firms are not from 
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efficiency enhancement but rather from revenue enhance- 
ment We also examine the moderating effect of firm-level 
characteristics on the impact of CRM on firm performance 
To the best of our knowledge, this 1s the first empirical lon- 
gitudinal study to evaluate the impact of CRM implementa- 
tion on both cost efficiency and profitability 

We organize the article as follows We begin with a dis- 
cussion of CRM implementation 1n organizations Then, we 
provide theoretical arguments for the relationship between 
CRM and cost efficiency and profitability, with cost effi- 
ciency and profitability conceptualized on the basis of sto- 
chastic frontier analysis (SFA) methods (Aigner, Lovell, 
and Schmidt 1977, Berger and Mester 1997, McAllister and 
McManus 1993) Following this, we explain our research 
methodology and present the results Finally, we discuss the 
managerial and research implications of this study and out- 
line future research directions 


CRM Implementation and Firm 
Performance: Hypotheses 


Prior research has suggested that firms implement CRM to 
boost their ability to communicate with customers, provide 
them feedback ın а штеју manner, analyze customer 1nfor- 
mation, and customize offerings (Day 2003) The technol- 
ogy components of CRM include front-office applications 
that support sales, marketing, and service and back-office 
applications that help integrate and analyze the data (Green- 
berg 2001, Jayachandran et al 2005) The front-office 
components of CRM facilitate efficient information flow 
between a firm and its customers through reciprocal 
communications and by enabling the routing of information 
to appropriate employees in sales, marketing, and service 
Thus, CRM implementation tries to facilitate the smooth 
dissemination of customer knowledge throughout the orga- 
nization to ımprove the quality of decision making (Куа 
2005) The back-office parts of CRM include database and 
data-mining tools that help identify and track customer 
needs better and faster Creating a database of centralized 
customer information 1s a critical aspect of a firm’s CRM 
activities The data-mining tools offered with CRM enhance 
firms’ understanding of customer behavior and enable more 
appropriate customuzation of their products and services 
The back-office components of CRM technology also 
facilitate the integration of customer information that origi- 
nates from multiple sources because customers interact with 
a firm through various points, such as sales, marketing, and 
service 

Firms that have stronger relationships with customers 
enjoy higher profitability (eg, Bolton 1998, Reinartz, 
Thomas, and Kumar 2005) Indeed, firms create and main- 
tain portfolios of profitable customer relationships by 1den- 
tifying valuable customers, ensuring better communications 
with them, and customizing products and services to meet 
their needs (Venkatesan and Kumar 2004) In turn, cus- 
tomers are likely to stay longer in their relationship with 
these firms, purchase more often, and show lower propen- 
sity to switch to competitors (Johnson and Selnes 2004) 
However, when firms customize their products and services, 
they may sacrifice the scale advantages that are possible 


from the production of standardized products (Pine, Victor, 
and Boyton 1993) Thus, it ıs imperative to examine the 
трасі of CRM implementation on different aspects of firm 
performance, such as cost and profit In this regard, our 
study examines the impact of CRM implementation on the 
operational efficiency of firms and their ability to realize 
maximum profits By focusing on these two measures of 
performance, we provide an assessment of the impact of 
CRM implementation on the performance of a firm relative 
to the performance of its rivals 


Impact on Cost Efficiency 


Cost efficiency describes how well a firm uses its resources 
to produce a given output mix, and ıt depends on the extent 
to which ıt limits the wasting of resources Cost efficiency 
1s defined as the ratio of actual costs expended to minimum 
costs that could have been expended ın producing the out- 
put mix (Farrell 1957, Greene 1993) The implementation 
of CRM could be resource intenstve Compared with firms 
that produce standardized outputs, firms that adopt CRM 
face additional costs, such as those associated with the cus- 
tomization of outputs and customer information manage- 
ment The customization of products and services results in 
firms losing the scale advantages of mass production (Pine, 
Victor, and Boyton 1993) In manufacturing, customization 
involves inefficiencies in supply chain management, such 
that firms may need to store more components and manu- 
facture and deliver small batch sizes or single units For ser- 
vices, customizing requires better-skilled and -trained 
employees Employing skilled workers and training them to 
a level at which they can customize services to meet the 
demands of individual customers 1s likely to be less cost 
efficient than delivering standardized services As a conse- 
quence, the average costs of production are likely to be 
higher for firms when they practice CRM than when they 
focus on transactional marketing 

The cost of customer information management could 
also increase for firms pursuing CRM because information 
processes for CRM are more complex than those required 
for transactional marketing (Jayachandran et al 2005) This 
18 50 because in CRM, firms focus on individuals or narrow 
segments of customers rather than on broad segments of 
customers Therefore, for a given number of customers, the 
volume of customer information that firms implementing 
CRM must manage will be higher than that for firms engag- 
шр їп transactional marketing Higher volume of customer 
information means increased costs of customer manage- 
ment and lower cost efficiency It could be argued that the 
higher volume of customer information may be handled 
efficiently by CRM through its capabilities for storing, ana- 
lyzing, and disseminating large volumes of data (Clemons, 
Reddi, and Row 1993) However, although the technology 
may neutralize the inefficiency caused by the need to han- 
dle large volumes of data, the firm must still deal with the 
inefficiency of customization that implementing CRM 
unplies In effect, implementing CRM may help a firm deal 
with the heavy volume of data more efficiently, but the firm 
will be undertaking customization with its higher attendant 
costs and may do so at a higher volume after implementing 
CRM Thus 


Н, CRM implementation has a negative effect on cost 
efficiency 


Impact on Profit Efficiency 


Marketing studies traditionally focus on profit measures, 
such as return on 1nvestments and assets In this study, we 
are interested 1n whether firms enhance their performance, 
and the extent to which they do so 1n comparison with their 
rivals, when they 1mplement CRM Therefore, we focus on 
profit efficiency, which measures how close a firm gets to 
generating maximum possible profits, given input prices 
and outputs and compared with a best-practice frontier 
(Akhigbe and McNulty 2005, Vennet 2002) Profit effi- 
ciency 1s the ratio of the profits a firm could have generated 
to the profits 1t actually generated The cost efficiency con- 
cept assesses the allocation of resources within a firm 
However, cost efficiency measures do not estimate how 
well a firm meets market demand by effectively matching 
customer needs (Akhavein, Berger, and Humphrey 1997) A 
firm may be cost efficient by optimally using its resources 
ш producing a given mix of outputs Despite being cost effi- 
cient, however, this firm may not realize maximum possible 
profits 1f 1t fails to estimate market demand correctly and, as 
a result, produces outputs that do not effectively match cus- 
tomer needs To address this issue, profit efficiency was 
introduced as a more inclusive concept than cost efficiency 
(Berger, Cummins, and Weiss 1995) Profit efficiency 
focuses on unobserved differences 1n the extent to which 
the output of different firms meets customer needs, and ıt 
accounts for the notion that some firms may incur addi- 
tional costs 1n providing superior services and products but 
are rewarded for these efforts through higher revenues In 
effect, the profit efficiency concept captures the cost of 
inputs required to produce a certain level of outputs and the 
additional revenues generated by producing outputs that are 
best suited to meeting customer needs 

Firms that deploy CRM are expected to produce outputs 
that match consumer needs to a better degree than firms that 
use transactional marketing These firms will build stronger 
relationships by customizing products using their superior 
customer knowledge As such, firms that implement CRM 
may achieve greater customer satisfaction (Mithas, Knsh- 
nan, and Fornell 2005) and higher rates of customer reten- 
tion (Gustaffson, Johnson, and Roos 2005) Consequently, 
these firms may also obtain a price premium and enjoy 
superior performance (Reinartz, Krafft, and Hoyer 2004) In 
effect, even if firms that implement CRM face higher costs, 
their ability to provide products and services that match 
customer needs 1n a superior manner enables them to gener- 
ate higher profits 


Н; CRM implementation has a positive impact on profit 
efficiency 


Moderators of the Effect of CRM on Cost and 
Profit Efficiency 


Firm-level factors and adoption-related factors may influ- 
ence the impact of CRM adoption on firm performance In 
accordance with the behavioral theory of the firm (Cyert 


CRM Implementation and Cost and Profit Efficiencies / 63 


and March [1963] 1992), the motivation of the firm to pur- 
sue a strategic action and its ability to leverage the action 
may influence the impact of the action on its performance 
(Jayachandran and Varadarajan 2006) We consider the 
moderating impact of one motivation-related firm-level fac- 
tor (CRM commitment) and one ability-related firm-level 
factor (firm size) on the relationship between CRM and cost 
and profit efficiency Organizational learning theory sug- 
gests that adoption-related 1ssues, such as experience with a 
technology, both systemically and within a firm, can influ- 
ence the 1mpact of 1ts adoption on firm performance (Gre- 
wal, Comer, and Mehta 2001) We consider the moderating 
impact of two adoption-related factors (time of adoption 
and time since adoption) on the relationship between CRM 
and cost and profit efficiency 


CRM commitment (firm-related factor) Firms that 
implement CRM vary on the extent to which they are com- 
mitted to using a CRM strategy The 1mplementation of 
CRM with the appropriate strategic focus 1s important for 
firms to derive full advantage from the technology (Bould- 
ing et al 2005, Day 2003, Financial Services Technology 
2007, Jayachandran et al 2005) Research ın the related 
area of enterprise resource planning implementation has 
observed that strategic focus influences the relationship 
between enterprise resource planning adoption and firm 
performance (Stratman 2007) Reports from business con- 
sulting firms also indicate that a key reason for the failure of 
CRM initiatives 1s the lack of clear objectives and commit- 
ment to CRM Many firms consider CRM implementation 
an information technology department initiative In such 
cases, CRM is implemented without clear business objec- 
tives, leading to a lack of commitment (The Boston Con- 
sulting Group 2007) Therefore, we examine whether, 
among firms that implement CRM, those that are deeply 
committed to a CRM strategy do better Strategic use of 
CRM implies a CRM strategy that 15 customer centric and 
not product focused or channel focused (Day 2003) Thus, 
firms that are deeply committed, and thus motivated, to pur- 
suing a CRM strategy will use customer data based on cus- 
tomer needs and hfetime value more effectively to offer 
customized solutions In effect, firms that are committed to 
a CRM strategy will not make the mistake of viewing CRM 
as a mere technology solution but instead will focus on the 
underlying processes and approach CRM with clear busi- 
ness objectives (Jayachandran et al 2005) Thus 


H4 Firms that are more committed to a CRM strategy (а) suf- 
fer a lower decline in cost efficiency after CRM 1mple- 
mentation and (b) experience a higher increase 1n profit 
efficiency after CRM implementation 


Firm size (firm-related factor) In the banking context, 
the size of a bank may moderate the impact of CRM imple- 
mentation on cost and profit efficiency Larger firms have 
higher volumes of data that CRM may help manage more 
efficiently Therefore, compared with smaller banks, larger 
banks may enjoy higher levels of cost efficiency and profit 
efficiency by implementing CRM In other words, their size 
may bestow larger banks with the ability to leverage CRM 
with greater efficiency However, 1t 1s also possible that 
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smaller banks find ıt easier to align their processes with the 
demands of CRM technology and therefore implement 
CRM more effectively If so, smaller banks may have the 
ability to leverage CRM more effectively and may benefit 
more from CRM implementation Given the conflicting 
indications, we leave this issue to be determined empirically 


Time of adoption (adoption-related factor) Anecdotal 
industry evidence (e g , Thompson 2005) and industry sur- 
veys (Financial Services Technology 2007) suggest that 
many early CRM projects failed because of the immaturity 
of CRM technology and lack of experience with the use of 
CRM Furthermore, several early CRM projects were con- 
ceived of as technology implementation projects without 
sufficient modification of attendant processes, leading to 
suboptimal outcomes (Jayachandran et al 2005, Reinartz, 
Krafft, and Hoyer 2004) However, over time, CRM suppli- 
ers will gain experience with implementing the technology 
This will lead to the emergence of stable best practices 1n 
CRM implementation In other words, over time, experien- 
tial learning 1s likely to lead to both the maturity in CRM 
processes and the stability in CRM technology As a result, 
the learning that takes place among CRM users and CRM 
service and technology providers will lead to better imple- 
mentation of CRM Furthermore, through competitive 
benchmarking and industry-level learning, firms are likely 
to select CRM processes and technologies that suit their 
needs better Thus 


H4 Early adopters of CRM suffer (a) greater declines 1n cost 
efficiency and (b) lower increases in profit efficiency than 
late adopters 


Time since adoption (adoption-related factor) Experi- 
ence 1s a major source of learning for firms (Sinkula 1994) 
Learning through experience 1s a trial-and-error process 
from which firms develop proprietary knowledge bases that 
lead to expertise and competitive advantage For example, 
Grewal, Comer, and Mehta (2001) suggest that learning 
from experience influences the expertise of a firm 1n using 
electronic markets Although firms may vary 1n the rate at 
which they learn, it 1s likely that as ште elapses after CRM 
implementation, firms will enhance their ability to use 
CRM effectively (Jayachandran et al 2005) For example, 
Reinartz, Krafft, and Hoyer (2004) note that CRM technol- 
ogy investments offer positive returns only after initial 
implementation-related problems are overcome If this is 
indeed the case, firms are more likely to learn to manage the 
diseconomues that lead to diminishing cost efficiency as 
time elapses Furthermore, firms are likely to 1mplement 
CRM with greater effectiveness to meet personalized cus- 
tomer needs, thus boosting their ability to gain higher prices 
and retain customers In other words, learning over time 
through experience enhances the expertise level of CRM 
users, enabling them to 1mplement CRM more efficiently 
and effectively Thus 


Hs, The negative 1mpact' of CRM implementation on cost 
efficiency decreases over time 

Hs, The positive impact of CRM implementation on profit 
efficiency increases over time 


Control Variables 


Prior research (е g , Berger and Mester 1997, De Young and 
Hasan 1998, McAllister and McManus 1993) has identified 
several bank characteristics that, apart from CRM 1mple- 
mentation use, may cause variance in the estimated effi- 
ciency scores Therefore, in the analysis, we accounted for 
characteristics such as firm size, whether the firm was pub- 
нс or private, and whether 1t was involved in any mergers 
and acquisitions (M&As) The size of the bank, 1n addition 
to influencing the effect of CRM on efficiency, may have a 
direct effect on efficiency by virtue of economies of scale 
and scope Banks with different ownership structures may 
differ ın their cost and profit efficiencies as a result of varia- 
tion in the cost of access to funds (Hauner 2004) Often, 
M&As are followed by the integration of operations and a 
focus on efficiency As such, M&A activity may have an 
effect on cost and profit efficiency as well 


Hypotheses Testing 


We tested the hypotheses on a sample of firms from the 
US commercial banking industry by employing frontier 
efficiency methods to estimate cost and profit efficiencies 
Typical efficiency studies estimate cost efficiency by mea- 
suring how far a firm's 1nputs or costs are from the efficient 
frontier or "best practice" for a given set of firms (Greene 
1993) Similar logic can be applied to estimate profit effi- 
ciency as well (е g , Bauer, Berger, and Humphrey 1993) 
For this study, we derive measurements of both cost and 
profit efficiencies from cost and profit functions using SFA 
(Aigner, Lovell, and Schmidt 1977, Berger and Mester 
1997, McAllister and McManus 1993) The SFA approach 
and similar approaches, such as data envelopment analysis, 
are becoming increasingly popular in the marketing and 
related literature streams (e g , Grewal and Slotegraaf 2007, 
Luo and Donthu 2006) Overall, we followed a three-step 
procedure to explore the effects of CRM on cost and profit 
efficiencies In the first stage, we estimated cost and profit 
functions for commercial banks In the second stage, we 
employed the residuals from the regression equations to 
calculate efficiency scores In the third stage, we estimated 
the 1mpact of CRM implementation on cost and profit 
efficiency 


Sample Selection and Data 


The choice of U S commercial banks as the sample for this 
study was driven by several considerations First, banking 
provides a unique context for efficiency studies because all 
commercial banks use similar 1nputs (labor, deposits, and 
purchased funds) and produce similar outputs (service fees, 
loans, and securities) As such, we can provide meaningful 
comparisons of the performance of different banks (Berger, 
Hancock, and Humphrey 1993) Second, because the finan- 
cial services firms were early adopters of CRM (Thompson 
2005), a sufficient time horizon 1s available in the data to 
study the effects of CRM implementation on cost and profit 
efficiencies Furthermore, зп previous research, the financial 
services industry has proved to be a fruitful context to 
examine the effects of CRM (e g , Ryals 2005) Finally, the 


Federal Deposit Insurance Corporation requires commercial 
banks to report their financial 1nformation 1n the Reports of 
Condition and Income (available at http //www fdic gov/ 
regulations/resources/call/Index html) Therefore, a consis- 
tent and reliable source of longitudinal data for efficiency 
studies 1s available in the banking industry (Berger and 
Mester 1997) 

We used the LexisNexis database to 1dentify and collect 
data about CRM implementation 1 We used search terms 
that are commonly associated with customer relationship 
management (eg, “CRM,” “e-commerce,” “database,” 
“software,” “customer relations”) By doing so, we tracked 
announcements of CRM vendors and clients that are 
reported by different industry news sources (е р, Comput- 
erworld, PR Newswire, Business Wire, U S Banker) Over- 
all, we identified 125 US commercial banks that had 
mmplemented CRM during this data observation period If а 
bank implements CRM during a specific period, we 
assigned that bank a | for this and subsequent periods We 
confirmed the accuracy of these data using several 
approaches First, for 38 banks (30% of our sample), we 
found multiple reports from different news sources that 
confirmed CRM implementation Second, for most banks 1n 
the sample, we identified the CRM suites or products that 
were implemented We used this information to confirm 
that the products implemented conformed to the accepted 
definition of CRM (e g , Jayachandran et al 2005) Finally, 
we contacted 16 marketing managers employed with the 
banks 1n our sample to confirm the secondary data on CRM 
implementation and obtained 100% confirmation for the 
subsample As such, there 1s reason to believe that the CRM 
implementation data obtained from secondary sources are 
accurate 


Cost and Profit Efficiency Estimation 


To calculate cost and profit efficiency scores, we used bal- 
ance sheet and income variables reported in the Reports of 
Condition and Income Following the approach advocated 
by Bauer, Berger, and Humphrey (1993), Berger and 
DeYoung (1997), and Berger and Mester (1997), we 
employed the cost of deposits, labor, marketing, and pur- 
chased funds as inputs These variables are measured as 
ratios For example, we calculated the cost of deposits as 
the ratio of interest paid on to the quantity of deposits We 
measured the cost of labor as an average annual salary in 
thousands of dollars (total wage expense divided by the 
number of employees) and the cost of marketing as the ratio 
of marketing expenditures to total assets We measured the 
cost of purchased funds as the ratio of the total expenses 
(1e, interest expense) on such funds to the total value of the 
funds 

Banks combine these inputs to produce outputs com- 
prising loans, securities, and services We measured the out- 
puts as quantities or prices, depending on whether cost or 
profit efficiency 1s being estimated Specifically, loans 


lOur conversations with banking executives and leading CRM 
vendors revealed that most CRM projects were 1mplemented after 
1997 As such, we collected data over a ten-year period spanning 
from 1997 to 2006 
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include all types of loans, such as mortgages, credit cards, 
personal loans, and business loans Securities include 
investments in debt (bonds) and equity (stocks) and are 
reported at market value We measured services using fees 
paid by customers Table 1 summarizes all the measures we 
employed 1n this study 

In the context of efficiency studies (e g , Aigner, Lovell, 
and Schmidt 1977, Battese and Сое 1995, Greene 1993), 
the error terms from cost and profit functions have two 
components a random error (uncontrollable) term and an 
efficiency (controllable) term The uncontrollable error term 
1s assumed to be symmetrically distributed, and the control- 


TABLE 1 
List of Items Used for Cost and Profit Functions 


Item Description 


1 Variable cost Bank's operating expense 


2 Profit Difference between bank's 

operating revenues and expenses 

3 Price of deposits Ratio of expenses on deposits 

(interest and noninterest) to the 
total amount of deposits 

4 Price of labor Ratio of salary expenses to the 
total number of full-time 

employees in thousands of 
dollars 


5 Price of purchased Ratio of expenses of 
funds purchased funds (borrowed 
and federal funds) to the total 
amount of purchased funds 
6 Price of marketing Ratio of marketing and 
advertising expenses to the 
total assetsa 


7 Amount of loans Total amount of loan accounts 


8 Quantity of securities Total amount of securities 


9 Amount of services Revenues from service fees 


Interest income from loans 
divided by total amount of loans 


10 Price of loans 


11 Price of 
securities 


Revenues from securities divided 
by total quantity of securities 
12 Price of services Revenues from fees divided by 
total assets 


13 Financial equity 
capital 


Total shareholder equity 


14 Fixed assets Investments їп fixtures, cars, 


buildings, and capitalized leases 
15 NPL Proportion of loans past due > 90 
days 


aMarketing and advertising expenses equal the difference between 


noninterest expense and expenses on fixed assets and wages 
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lable error term follows a half-normal distribution (Berger 
and Mester 1997) Although the efficiency terms can be 
averaged across the different periods to remove the random 
error, further exploration of the temporal variation 1n effi- 
cient frontiers will provide insights lost by averaging the 
residuals (e g, Lee and Schmidt 1993) In this study, we 
follow the latter approach, but as discussed subsequently, 
we take necessary steps to ensure that doing so will not 
affect the results 

According to SFA, the firm with the lowest input 
requirements to produce a given set of outputs (1e , having 
the smallest error from the cost function) forms the cost 
efficiency frontier Similarly, the firm with maximum prof- 
15 from a given set of inputs (1e , with the maximum error 
from the profit function) forms the profit efficiency frontier 
The closeness of a firm's cost and profit structures to the 
corresponding frontiers determines its relative cost and 
profit efficiency Next, we explain the process of deriving 
efficiency estimates 


Cost efficiency We estimated cost efficiency by postu- 
lating a relationship among firms’ operating costs, input 
prices, and output quantities (Aigner, Lovell, and Schmidt 
1977) This relationship 1s summarized 1n the cost function 
for a given industry at time t (Equation 1), which models 
the logarithm of a firm's operating costs VC, as a linear 
function of the logarithms of variable input prices Pg 
(deposits, labor, marketing, and purchased funds), quanti- 
ties of variable outputs Y,, (loans, securities, and services), 
and fixed inputs Z, (financial equity capital and fixed 
assets) 


(1) InVC,, = 00Р 


x? 


In Y, 


it? 


InZ,, шу), 


where v 15 the error term 2 

We estimate Equation 1 for every time period t (for 
details, see the Appendix) To capture efficiency, as the first 
step, we compute a time series of residuals for every firm 
(Aigner, Lovell, and Schmidt 1977, Bauer, Berger, and 
Humphrey 1993, Berger, Hancock, and Humphrey 1993, 
Grosskopf 1993, Horsky and Nelson 1996) This approach 
1s based on the assumption that the closer a firm gets to the 
cost efficient frontier, the smaller 1s the error term In(vj) 
Although the true cost efficient frontier cannot be deter- 
mined, a firm with the smallest residual can be deemed to 
be closest to the true efficient frontier In other words, the 
cost efficient frontier 1s determined by the firm with the 
smallest inefficiency score (1e , smallest error) 

For the second step 1n the analysis, we calculate effi- 
ciency term CEFF, for each firm as the exponent of the dif- 
ference between the residual for a given firm from the cost 
function and the smallest residual for a given period (Equa- 
tion 2) In essence, CEFF, represents the distance between 
a firm's cost structure and the cost structure of the most effi- 
cient bank Thus, higher values of CEFF, correspond to 
lower cost efficiency 


2As we noted previously, Уң = Gr — Tit Where cẸ 1s the normally 
distributed random error with zero mean and m; 1s the nonnegative 
(in)efficiency term that follows а half-normal distribution (Greene 
1993) When a firm gets closer to the efficient frontier, л — 0 


(2) CEFF, = envi - Шура) 


The residuals from the cost function also contain ran- 
dom error Therefore, problems may be encountered зп esti- 
mating the efficient frontier because of the presence of 
outliers To ши this problem, we computed truncated mea- 
sures, as 1n Berger, Cummins, and Weiss (1995), by setting 
the top and bottom 5% of Уң equal to the 5th and 95th per- 
centile, respectively The truncation does not lead to the 
elimination of observations Instead, observations with 
extreme values are assigned lower values We checked the 
results for robustness by computing at varying levels of 
truncation (5% and 10%) and found no differences ın the 
significance or direction of the results As such, we used the 
estimated error terms for several banks to form a thick fron- 
tier (Bauer, Berger, and Humphrey 1993, Berger and Mester 
1997) instead of using the estimated results for just one 
bank to form the frontier, thus reducing the impact of 
outliers 


Profit efficiency We can infer profit efficiency from 
how close the firm's output mix 1s to that demanded by the 
market (Berger, Hancock, and Humphrey 1993) We esti- 
mate profit efficiency using profit functions that model 
operating profits on the basis of the prices of inputs and out- 
puts As we noted previously, it has a form that 1s simular to 
that of the cost function, except that instead of quantities of 
outputs (У) 1n the cost function, prices of these outputs (Ту) 
are used as predictors 1n the profit function Unlike cost 
efficiency, profit efficiency measures the difference between 
a firm’s profits and the maximum profits for a given mix of 
input—output prices Simular to the representation of the cost 
function (Equation 1), a firm’s profit function 1s modeled by 
the following regression equation 


(3) In@r,+A)=f,(nP,, InI,, InZ,, Inv), 


it? 
where Pr, 15 the profit of the 1th firm, I, represents the 
prices of outputs (loans, securities, and services), P,, are the 
variable input prices (deposits, labor, purchased funds, and 
marketing), and Z,, are the fixed inputs (financial equity and 
fixed assets) We add a constant, A, to the operating profits 
of all banks to ensure that the values are positive Higher 
values of (у) indicate higher profit efficiency because 
this demonstrates the firm's abibty to extract above-average 
profits 

We compute profit efficiency PEFF, 1n a manner similar 
to that used for computing cost efficiency, except that the 
firm with the maximum residual represents the efficient 
frontier (Equation 4) Banks with higher residuals from the 
profit function (Equation 3) demonstrate superior profitabil- 
ity because they earn higher profits than an average bank 
(Berger, Hancock, and Humphrey 1993) We measure profit 
efficiency (PEFF,) as the distance between the profit of the 
focal bank and that of the most profitable bank 1n the sam- 
ple As such, profit efficiency 1s the difference between the 
maximum residual obtained from fitting the profit function 
and the residual for the focal bank Therefore, higher values 
of PEFF, correspond to lower values of profit efficiency 


(4) PEFF, = envia, ~ Јоу) 


The residuals from the profit function were truncated, as 
was done with the residuals from the cost function, to 
reduce the impact of outliers 


Hierarchical Linear Model Development 


The next step 1n the analysis 1s to estimate the impact of 
CRM implementation on cost and profit efficiencies Ran- 
dom coefficients models are well suited to explain the dif- 
ferent sources of variation for repeated measures data with 
continuous outcome variables (Omar et al 1999) Thus, we 
employed hierarchical linear models (a special case of 
random coefficients models) to estimate the impact of CRM 
implementation on cost and profit efficiencies (Wolfinger 
1996) To test the hypotheses, we need to assess whether 
cost and profit efficiencies vary as a function of CRM 
implementation after accounting for other firm characteris- 
tics that might affect firm cost (profit) efficiency Further- 
more, we need to identify firm-level factors that enhance or 
attenuate the effect of CRM implementation on cost and 
profit efficiencies 


Measures of moderators We measured time after CRM 
implementation using a variable (Ту) that increases with the 
number of periods after CRM implementation That 1s, ІЁ a 
bank implemented CRM 1 2000, then Т, 1s equal to the 
number of years after CRM implementation (1e , 1n 2002, 
Т, = 2) We measured strategic implementation of CRM by 
accessing the relevant information from the Financial Ser- 
vices Industry Forum, personal visits, telephone conversa- 
tions with marketing executives, survey conducted by the 
Chief Marketing Officers’ Council, and our own implemen- 
tation experience 1n this industry We created two groups of 
firms after reviewing all the information firms with high 
(SI, = 1) and low (SI, = 0) degrees of use of CRM strategy 
A panel of executives from the banking industry further 
evaluated this two-group categorization to ensure the 
validity of the classification We captured early adoption of 
CRM by classifying banks that implemented CRM during 
or before 2002 (the median year of adoption 1n our sample) 
as early adopters (ORD, = 1) and others as late adopters 
(ORD, = 0) This classification has support from industry 
surveys, such as those reported in Financial Services Tech- 
nology (2007) We used the median value of bank assets 
(approximately $2 4 billion) to classify banks into two 
groups (SIZE, large versus small) 


Other variables that affect cost and profit efficiency We 
used a dummy variable for public versus private company 
(PUBL,) using data item Organization Type (RSSD9047) 
reported ın Reports of Condition and Income We used a 
dummy variable for M&As in the previous period 
(M&A, _ 1) to account for changes that may occur ш the 
scale of operations of the merged or acquired banks (Berger 
and DeYoung 1997) 


Sample selection bias Sample selection process may 
lead to biased estimates 1f the criteria for selecting observa- 
tions are related to the dependent variable Banks’ CRM 
implementation may be related to macroeconomic condi- 
tions that influence firm performance In times of economic 
growth, firms are more likely to enjoy better performance 
and have access to the resources required to implement 
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CRM То account for the potential bias 1n sample selection 
on account of macroeconomic conditions, we use Lee's 
(1983) generalization of the Heckman selection correction 
to create the selection correction variable А 3 As ın Kalaig- 
nanam, Shankar, and Varadarajan's (2007) work, we use the 
30-day U S treasury bill interest rate (FED) as a proxy of 
economic conditions to compute the predicted probability 
of CRM technology implementation and to generate the 
selection correction term A, _ | used as an independent 
variable in the model (see Equation 5) 


Model 


We developed a two-level model to explain the variation 1n 
cost efficiency 


(5) CEFF, = Bo, +B, x CEFF, _, +B, X CRM 


it — 1 


+B; xX M&A, +В, ХА, 165, 


where 
Bo, = Yoo + Yor X PUBL, + Yoz X SIZE, +1,, 
Bo, = 120 + Yar ХТ, + 722 X SI, + 54 X SIZE, 
+ уда X ORD, +1, 
© ~ МО, 2), 
Tg, ~ 18(0, тоо), and 


г, ~ 1100, t32) 


We used the one-year lagged value of cost efficiency 
(CEFF 1) to account for inertia in operational or cost effi- 
ciency (Bauer, Berger, and Humphrey 1993) The term 
CRM, . 1 describes CRM implementation lagged by a 
period to account for the notion that 1ts impact on efficiency 
may not be apparent immediately Because there are multi- 
ple observations for each bank, the residual observations 
within banks could be correlated Therefore, the assumption 
of independence of the first-level residuals, 22, may not be 
valid (Goldstem, Healy, and Rasbash 1993) We employed 
different structures for the covariance matrix X, to address 
this problem These include an unstructured covariance 
matrix, one with a compound symmetry, and another one 
that 1s autoregressive We selected the covariance matrix 
structure that best fits the data from these three structures 
(Singer 1998, Wolfinger 1996) 

As we noted previously, we account for the effect of 
whether the bank 1s public or private and its size on cost 
and profit efficiency Therefore, one equation at the second 
level models the mean outcome (intercept 1n the Level 1 
equation [80]) as a function of whether the bank 1s public or 
private (PUBL,) and the size of the bank To test the moder- 
ating effect of firm-level factors on the impact of CRM on 
cost efficiency, we modeled the slope for CRM 1mplemen- 
tation (B2) as a function of four variables CRM commit- 


3In particular, we calculated the selection correction variable Ху 
as follows A, = $(-![H,(t)] [1 — H,(t), where ф 1s standard 
normal density function, H,(t) 1s a hazard function for bank 1 in 
period t, and Ф-! 15 the inverse of the standard normal distribution 
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ment, firm size, time of implementation, and time since 
1mplementation 

The hierarchical model for profit efficiency 1s similar to 
that 1n Equation 5, except that the dependent variable 15 
PEFF,, and, instead of lagged value of cost efficiency, we 
use lagged value of profit efficiency as a predictor 1n Equa- 
поп 5 Next, we explain the estimation of the models 


Estimation of the Models 


As noted previously, we used the cost and profit efficiency 
scores to assess the impact of CRM on firm performance 
The probit model for selection bias was significant (FED = 

149, p < 05) The descriptive statistics and correlation 
matrix are 1n Table 2 


Impact of CRM on cost efficiency First, we modeled 
two sources of variance (within and between banks) by 
using variables in the Level 1 and Level 2 equations As a 
result, we were able to explain 48 2% of the total variance 
in cost efficiency Second, we explored the covariance 
structure of matrix 2, arising from the multiple observations 
per bank The models with the unstructured error and com- 
pound symmetry matrices did not converge However, the 
model with AR(1) (autoregressive order of 1) error structure 
converged The resulting parameter estimates appear in 
Table 3 


Impact of CRM on profit efficiency We employed a 
hierarchical model to estimate the impact of CRM ппр1е- 
mentation on profit efficiency, with PEFF, as the dependent 
variable With the first- and second-level variables, we 
explained 21 8% of the variance ın profit efficiency scores 
Then, we examined the effect of different structures for the 
within-subject error covariance matrix The compound sym- 
metry error structure was inferior 1n terms of fit (-2 log- 
likelihood ratio [LLR] = 4,148 80, Akaike information cri- 
terion [AIC] = 4148 80, Bayesian information criterion 
[BIC] = 4160 10) compared with the AR(1) structure 
(-2LLR = 4087 40, AIC = 4087 00, BIC = 4098 70) The 
final estimates for the model appear 1n Table 4 


Results of Hypotheses Testing 


The positive parameter estimate for the effect of CRM 
implementation on cost efficiency (уд = 041, t-value = 
2 67) demonstrates that by implementing CRM, firms move 
away from the cost efficient frontier and become less effi- 
cient, 1n support of Н; (higher values of CEFF correspond 
to lower values of cost efficiency) The intercept (Yoo) in 
Equation 5 represents mean operational efficiency for the 
sample of banks 1n our data set Therefore, we conclude that 
operational efficiency declined approximately 5 4% ( 041/ 
753) as a result of CRM implementation Banks at a high 
level of CRM commitment demonstrated lower decline in 
cost efficiency, as Нз, predicted (35? = — 027, t-value = 
—2 94) In addition, as На, predicted, early adopters of 
CRM experience greater declines 1n cost efficiency than late 
adopters (үз = 099, t-value = 7 88) We also found support 
for Hs, through a negative interaction between CRM and 
the time since implementation (yo; = — 032, t-value = 
—9 98), suggesting that cost efficiency, after declining on 
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TABLE 3 
Variation in Cost Efficiency Scores as a Function of CRM Technology Implementation: Test of Hypothesis 
and Sensitivity Analysis 


Model with One-Year Model with Two-Year 


Lagged Cost. Lagged Cost: 

Predictor Variables Hypotheses B (t-Value) В (t-Value) B (t-Value) 

Intercept (Yoo) 753 (19 93)*** 1 287 (42 51)*** 1 331 (40 11)*** 
Public company (PUBL) (yo) 035 (262)** 055 (208)** 061 (2 15)** 
Firm size (SIZE) (02) — 036 (-2 95)*** – 044 (-3 17)*** — 045 (-2 40)*** 
Lagged cost efficiency (CEFF) (B4) 483 (20 97)*** 073 (16 71)*** 072 (14 94)*** 
CRM implementation (CRM) (yoo) Н, 041 (2 67)*** 039 (231)*** 049 (2 67)*** 
CRM x time (CRM x T) (үч) Haa — 032 (–9 98)*** — 006 (–1 69)* — 019 (-4 33)*** 
CRM x strategic focus (CRM x SI) (үрә) Нда – 027 (-2 94)*** – 037 (-1 97)** — 049 (-2 76)*** 
CRM x firm size (CRM x SIZE) (yo3) 024 (152) 023 (1 19) 022 (104) 

CRM x order (CRM x ORD) (үа) Hsa 099 (7 88)*** 036 (204)“ 071 (4 14)*** 
Mergers and acquisitions (M&A) (Вз) 010 (98 004 (43) 009 (92) 


Lambda (В4) 


*p « 10 
**p« 05 
***p « 01 


) 
001 (708)"* 


TABLE 4 


001 (12 33)*** 


001 (371)"* 


Variation in Profit Efficiency Scores as a Function of CRM Technology Implementation: Test of 


Hypothesis and Sensitivity Analysis 


Model with One-Year 


Lagged Cost: 


Model with Two-Year 


Lagged Cost 


Predictor Variables Hypotheses B (t-Value) B (t-Value) В (t-Value) 
Intercept (Yoo) 3291 (19 78)** 3 192 (21 27)** 3 435 (26 06)** 
Public company (PUBL) (уол) 343 (266)** 462 (373)" 360 (3 28)** 
Firm size (SIZE) (yoo) — 194 (-2 42)* – 234 (-3 14)“ — 160 (-2 43)“ 
Lagged profit efficiency (PEFF) (B4) 194 (7 49)** 235 (8 57)" 456 (18 92)** 
CRM implementation (CRM) (yao) Hp — 906 (–8 08)** — 369 (З 89)** — 613 (-9 37)** 
CRM x time (CRM x T) (үр) Hap —201 (-7 93)“ — 307(-14 27)** — 170(-11 83)** 
CRM x strategic focus (CRM x SI) (үгә) Hap 002 (02) – 033 (-37) 026 (40) 
CRM x firm size (CRM x SIZE) (угз) 010 (09) 032 (31) 043 (59) 
CRM x order (CRM x ORD) (154) Hsp 824 (8 02)** 1216 (13 46)** 503 (8 02)** 
Mergers and acquisitions (M&A) (Вз) 136 (157) 075 (122) 108 (254) 
Lambda (Ва) — 002 (-2 46)“ 003 (4 67)** 001 (1 45) 
*p« 05 

юр < 01 


CRM implementation, improves over time However, the 
impact of CRM on cost efficiency did not vary with bank 
size (уз = 024, t-value = 1 52) We found that public banks 
were less efficient than private banks (үр = 035, t-value = 
262) Larger banks were more cost efficient than smaller 
banks (yo? = — 036, t-value = –2 95), a finding consistent 
with that in Berger, Hancock, and Humphrey’s (1993) 
study Recent M&As did not affect cost efficiency (B4 = 
010, t-value = 98) 

Н, proposed that profit efficiency 1s likely to increase as 
a result of the implementation of CRM, the findings support 
this prediction (у = — 906, t-value = —8 08, higher values 
of PEFF correspond to lower values of profit efficiency) 
Using data from the intercept, we find that after CRM 
implementation, profitability relative to the most profitable 
bank 1n industry increased by 275% (906/3 291) How- 
ever, the impact of CRM on profit efficiency did not vary 
for different levels of CRM commitment (yo, = 002, 
t-value = 02), and H3, was not supported In accordance 
with Hay, we find that late adopters are more profit efficient 
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than early adopters (үд = 824, t-value = 8 02) The positive 
impact of CRM implementation on profit efficiency grows 
over time, as Hs, predicted (ү›у = — 201, t-value = —7 93) 
The impact of CRM implementation on profit efficiency did 
not vary between large and small banks (уз = 010, 
t-value = 09), though larger banks were more profit effi- 
cient in general (Yoz = — 194, t-value = –2 42) In addition, 
private banks were more profit efficient than public banks 
(Yo. = 343, t-value = 266) Finally, similar to cost effi- 
ciency, past M&As did not have an effect on profit effi- 
ciency (B4 = 136, t-value = 1 57) 

To clarify the effect further, we examined the impact of 
CRM on revenue efficiency—the extent to which firms are 
successful ın generating revenues compared with the best- 
performing firms using the inputs 4 Using the same hierar- 
chical linear. model formulation, we find that firms that 


4We estimated revenue efficiency (RVEFF,,) using (1) an 
approach similar to that detailed for profit efficiency (РЕЕЕ,,), 
except that the dependent variable was the bank's revenue, and (2) 


implement CRM enhance their revenue efficiency, that 1s, 
they generate more revenues from a comparable set of 
inputs after they implement CRM than they do otherwise 
(245, p < 005) In other words, CRM implementation 
enhances revenue efficiency as a means to improve profit 
efficiency despite a decline ın cost efficiency We argue that 
this 1s further evidence of dual value creation from CRM 
implementation. That 15, CRM implementation leads to a 
decline 1n cost efficiency but to an increase 1n profit effi- 
ciency by enhancing the revenue efficiency of firms In 
other words, firms are able to more than compensate for the 
increase ın cost after CRM implementation through an 
increase ın revenues, possibly through higher customer 
acquisition, retention, and prices 


Sensitivity Analysis 


Prior research has shown that investments may have long- 
lasting effects on different forms of organizational perfor- 
mance (Rust et al 2004) Thus, it 1s important to consider 
the longer-term effects of past investments that may lead 
to changes in cost efficiency Therefore, we checked the 
robustness of the results by undertaking a sensitivity analy- 
sis To do so, as a initial step, we estimated the cost function 
and profit functions using lagged values (one and two year) 
of past investments Then, we derived cost and profit effi- 
ciency scores using Equations 2 and 4, respectively Finally, 
we reestumated the cost and profit efficiency models using 
the new cost and profit efficiency scores The results of the 
sensitivity analyses were consistent with previous findings 
(see Tables 3 and 4) 


Discussion 


The central premise of this article 1s that the 1mplementa- 
tion of CRM has a complex influence on firm performance 


revenue function of the firm that models the relationship between 
the logarithm of its revenues (dependent variable) and inputs, out- 
puts, and fixed inputs Revenue function 1s simular to cost function, 
except that dependent variable 1n the revenue function 1s a firm's 
stream of revenues, not variable costs as in cost function Sumilar 
to cost function (Equation 1), we formulate revenue function as 
follows 


InRev, = Бару, InY,, InZ,, 0%), 


where 


Rev, = revenues of firm 1 at time t, 

P, = inputs' prices (deposits, labor, marketing, and pur- 
chase funds) for firm 1 at time t, 

У = quantities of variable outputs (loans, services, and 
securities) of firm 1, 

Z4 = firm's fixed inputs (financial equity capital and fixed 
assets), and 

Vit = the error term 


We estimated revenue function for each period Then, we 
formed a series of residuals In(vB) for each firm Next, we calcu- 
lated the revenue efficiency term, RVEFF,,, for each firm as the 
exponent of the difference between the largest residual for time t 
(МЕ ax) and the residual for a given firm from the revenue function 
(vR) We truncated the residuals (У.а) at the 5th and 95th per- 
centiles before calculating revenue efficiency scores 


Therefore, the objective of this research was to explore the 
effects of CRM implementation on two aspects of organiza- 
tional performance operational efficiency and profitability 
Our approach 1s different from much existing research that 
studies CRM implementation because 1t (1) focuses mostly 
on effectiveness or customer-centric outcomes (е g , reve- 
nues, customer satisfaction, retention, market share, share 
of wallet) and (2) employs cross-sectional samples (Jay- 
achandran et al 2005) or case studies (Ryals 2005) Over- 
all, the study addresses criticisms of prior research in CRM 
in which studies focus on intermediate performance mea- 
sures and often use cross-sectional data, thus limiting the 
ability of researchers to unambiguously delineate causality 
The SFA employed ın this study enabled us to compare ап 
individual firm with the best performers in the whole 
1ndustry 

We find that CRM implementation can have a negative 
effect on cost efficiency However, and importantly, the 
results also show that CRM implementation enhances the 
profit efficiency of firms, regardless of its 1mpact on cost 
efficiency The decline 1n cost efficiency that the implemen- 
tation of CRM engenders decreases over time This result 
supports the notion that, over time, firms learn how to use 
CRM effectively to manage their customer data and develop 
one-to-one relationships without the diseconomies involved 
in doing so Consistent with this notion of learning, we find 
that firms implementing CRM enhance their ability to 
increase profit efficiency over time This result 1s supported 
by reports 1n the business press based on a survey of bank- 
ing executives conducted by Financial Services Technology 
(2007) The report notes that there were several initial 
blocks to taking full advantage of CRM that were resolved 
over time, leading to improvement in performance We 
found that firms that are deeply committed to pursuing a 
CRM strategy are less likely to face the cost 1nefficiency 
that implementing CRM may involve This result 1s again 
consistent with the report 1n the Financial Services Technol- 
ogy survey It1s likely that firms that are committed to CRM 
will build specific capabilities that enable them to take full 
advantage of the technology 

The results do not support the notion that larger firms 
are more likely to benefit from implementing CRM How- 
ever, we find that firms that 1mplemented CRM early on 
were more likely to suffer deeper downturns 1n cost effi- 
ciency and enjoy lower profit efficiencies than later 
adopters This finding supports the conjecture that early 
adopters of CRM are likely to adopt when standards are not 
well developed and CRM suppliers are still fine-tuning their 
products Lending validity to this result, the Financial Ser- 
vices Technology (2007) report notes that for most early 
adopters, CRM did not provide the expected results because 
of the lack of maturity of the technology and low levels of 
CRM commitment 


Implications for Firms 


Implications of main effect results The results of this 
study should be of interest to organizations that implement 
CRM and to managers of CRM technology vendors and 
consultants One important finding 1s the negative impact of 
CRM on cost efficiency Overall, we demonstrate that CRM 
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implementation decreases cost efficiency by an average of 
5 4%, emphasizing that the superior ability to understand 
and satisfy customer needs comes at an extra cost These 
findings possibly underscore the notion that firms that pur- 
sue relationship marketing build organizational routines dif- 
ferently from firms that adopt a transactional approach 
These efforts allow firms to establish and maintain strong 
long-term customer relationships However, management of 
these relationships appears to increase operational complex- 
ity, thus leading to an increase ın operating costs and a 
decline in cost efficiency 

Nevertheless, we note that firms observe a 27 5% 
improvement in profit efficiency As such, the results 
demonstrate strong support for the ability of CRM to 
enhance the profitability of banks The findings are consis- 
tent with the dual value creation argument put forth by 
Boulding and colleagues (2005) According to the results of 
this study, the improvement 1n firm performance through 
CRM 1s not necessarily driven by efficiency gains The 
enhanced profit efficiency of firms that implement CRM 
despite the fall in cost efficiency 1s an indication that these 
firms gain higher revenues by enhancing customer value 

For the reasons we outlined previously, as firms plan 
and evaluate their relationship marketing programs, we 
hope that this research will assist managers ш making 
sound decisions about investments in CRM Overall, the 
results imply that the focus on efficiency gains from CRM 
implementation may be misguided because, regardless of 
its 1mpact of efficiency, CRM implementation enhances a 
firm's profit potential Both CRM vendors and users should 
be wary of employing CRM implementation merely as a 
tool to enhance efficiency Instead, CRM should be viewed 
as a means of enhanced customer knowledge that enables 
firms to provide customers with products that meet needs 
more precisely, thereby increasing customer value In other 
words, CRM implementation 1s not an “efficiency play” but 
rather an "effectiveness play" for firms because 1t enables 
them to serve customers with greater effectiveness, albeit at 
a higher cost Therefore, managers of CRM vendors should 
promote CRM as more of a solution that enhances the 
effectiveness of a firm's customer relationship strategies 
than as a means to achieve quick cost reduction through 
enhanced efficiency 


Implications of moderator effects results From a mana- 
gerial perspective, the moderating effects we find are also 
of relevance From these results, managers should also note 
the conditions under which the impact of CRM on firm per- 
formance is enhanced or reduced We find that firms need to 
be patient with CRM implementation because the negative 
effect on cost efficiency decreases over time and the posi- 
tive effect on profit efficiency шпргоуез over time There- 
fore, 1t 1s 1mportant to acknowledge that implementing 
CRM 15, as has been argued in the marketing literature, a 
complex exercise that involves changes ın organizational 
processes and alignment of these processes with technol- 
ogy It takes time for firms to get this alignment nght and 
for CRM to provide the results that firms expect Thus, 
firms should be wary of assessing the effectiveness of CRM 
implementation on a short-term basis Although the time 
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frames for CRM implementation to provide positive returns 
can vary from industry to industry, studies by consulting 
firms suggest that the relevant time frames for large-scale 
CRM implementation projects are as much as five years 
(The Boston Consulting Group 2007) The same study 
explicitly warns managers to be wary of claims from CRM 
vendors that implementation of their CRM product will turn 
a profit 1n as little as three months As such, the result from 
our study, which shows the efficacy of CRM programs 
improving over time with experience, 1s consistent with the 
results reported based on practice Therefore, CRM vendors 
should be wary of promising quick returns lest they lose 
credibility with CRM users On their part, CRM users 
should be patient with the process of implementng CRM 
and should develop benchmarks on performance expecta- 
tions that are based on realistic time frames 

Consistent with prior research (e g , Day 2003), we find 
that CRM commitment (1 e , when a firm develops a strong 
strategic focus for 15 CRM program) helps at least ın terms 
of cost efficiency after CRM implementation Our results 
show that firms that develop a strong strategic focus on 
CRM do not suffer the decline 1n cost efficiency that their 
counterparts with a less strategic focus on CRM face 
Therefore, developing strong CRM commitment may 
enable a firm to generate profits from CRM implementation 
relatively faster than 1f ıt were to do so as a technology ını- 
tiative (The Boston Consulting Group 2007) We advise that 
CRM vendors should be wary of pushing technology solu- 
tions on clients that do not have clear commitment to CRM 
The relative lack of success of CRM programs that lack 
strategic focus will have a negative 1mpact on the CRM 
vendor ın the long run 

Managers should also be cognizant of the problems that 
early adopters of CRM encountered Our results show that 
early CRM adopters are likely to suffer higher cost 1neffi- 
ciency and lower levels of profit efficiency Early adopters 
of CRM may have ended up using less mature technologies 
and may have adopted 1nappropriate processes A reevalua- 
tion of the CRM approach 1s required for firms that are 
caught 1n this bind. From the general perspective of adop- 
tion of information technology solutions ın firms, the prob- 
lem with early adoption of CRM offers a few key insights 
At one level, this result advocates waiting for the technol- 
ogy to mature so that problems with 1ts implementation are 
ironed out and а firm can learn from the experience of other 
firms However, such advice may be impractical in the 
highly competitive markets that firms find themselves 1n, 1n 
which each firm 1s looking for new approaches to gain an 
edge over its rivals Therefore, 1: may be more feasible to 
advocate phased or modular implementation of new tech- 
nologies when possible Such an approach will prevent 
firms from being locked 1n to immature technology solu- 
tions At the very least, a phased approach to implementing 
solutions such as CRM will limit the sunk cost exposure of 
firms and allow them to migrate to better solutions that 
emerge as the 1ndustry matures 


Implications for different layers of management This 
article argues that CRM implementation affects firms in 
more ways than one Thus, the findings of this research 


should not be assessed simply from the perspective of ven- 
dors or buyers of CRM technology or services but also from 
the viewpoint of different layers of management within the 
same organization 

Chief executive officers (CEOs) play a pivotal role in 
directing the attention of employees to innovation and ш 
ensuring the growth and competitiveness of firms The find- 
ing that CRM implementation improves firms’ profitability 
(profit efficiency) despite a decline in operational efficiency 
should channel the attention of CEOs and senior executives 
to the strategic value of CRM implementation In this 
regard, the success stories of firms such as Harrah's Enter- 
tainment (Loveman 2003) and Albertsons (Hymowitz 
2004), both of which implemented CRM under the guid- 
ance of CEOs, should serve as example of best practices in 
CRM 

The success of CRM implementation in enhancing firm 
profitability should highlight the role of chief marketing 
officers (CMOs) 1n driving firms to pursue CRM Given 
that CRM implementation entails high risks, the CMO 
could play a key role in helping the management team cope 
with the complexity and uncertainty associated with the 
process In the absence of such stewardship, firms may cut 
back on CRM spending because the marketing function 
fails to demonstrate the impact of CRM investments on firm 
performance In this regard, the results from this study will 
help CMOs reduce negative perceptions about CRM imple- 
mentation and limit poorly informed decisions 

The findings from our study also facilitate a reduction 1n 
the communication gap between CMOs and chief informa- 
tion officers (CIOs) The CMO-CIO relationship 1s critical 
to the effective implementation of CRM, but ıt often suffers 
from mutual misperceptions of goals and approaches In 
general, CMOs perceive CIOs as being focused on effi- 
ciency and as having little knowledge of marketing and 
consumers, and CIOs perceive CMOs as not being con- 
cerned about the costs or resources required to address their 
technology needs (Commander 2008) This study shows 
that the use of CRM 1s more likely to yield results in the 
effectiveness area than ш the efficiency area As such, 
CMOs can articulate the need for CRM implementation by 
highlighting its effectiveness in profit enhancement, thus 
ensuring that the excessive focus on efficiency and costs 
does not prevent CIOs from lending their support to CRM 
implementation 


Limitations and Research Implications 


Although this study produced provocative and meaningful 
results, there are several avenues for further research as well 
as limitations that should be discussed The study finds that 
CRM implementation can play a key role in developing 
marketing assets that lead to better performance and 
deserve due consideration by firms that try to do so 1n the 
context of managing customer value However, before such 
advice can be offered on a large scale, 1t should be noted 
that the use of the commercial banking industry as the 
sample could lead to a potential 1ndustry specificity of the 
results Future studies should explore how various industry- 
specific characteristics drive the direction and magnitude of 
the impact of CRM on firm performance It 1s likely that 


competitive intensity and turbulence in specific industries 
have an influence on the relationship between CRM and 
cost and profit efficiency In 1ndustries with higher intensity 
of competition and turbulence, firms that effectively 1mple- 
ment CRM may enhance their ability to retain customers 
and thus augment profit efficiency It should also be kept in 
mind that findings ш a services context may not necessarily 
translate 1nto a manufacturing context. This 1s another 
1ndustry-level difference that needs to be considered when 
evaluating the results, and further research 1s required 
However, note that prior research has not observed any dif- 
ference ın the impact of CRM on performance between 
manufacturing and services firms (e g , Jayachandran et al 
2005, Reinartz, Krafft, and Hoyer 2004) 

Nevertheless, the industry specificity of the study, 
though a limitation from a generalizability perspective, 1s 
not without its advantages As we noted previously, finan- 
cial services firms, and banks 1n particular, are pioneers 1n 
the CRM arena This enables us to assess empirically the 
impact of CRM 1n an industry that has substantial ехреп- 
ence with the technology and thus to obtain a longer-term 
evaluation of its impact In addition, the uniformity of 
inputs and outputs in banking makes accurate comparisons 
of cost and profit efficiencies across firms feasible 

A key objective of the study was to measure the impact 
of CRM implementation on two types of firm performance 
operational efficiency and profitability Although we 
obtained archival data of CRM implementation, 1t might be 
argued that CRM implementation can be measured in a 
finer-grained manner (е g , Jayachandran et al 2005) Over- 
all, our data do not account for how CRM implementation 
varies across firms ın scope and scale Therefore, given that 
CRM 1s a complex phenomenon, subjective evaluations of 
managers may be critical to capture the multifaceted nature 
of CRM implementation Employing subjective data will 
enable a detailed assessment of the effects of CRM on firm 
performance 

Finally, 1t may not be appropriate to interpret our results 
to mean that CRM implementation permanently damages 
operational efficiency As we observed, when firms become 
accustomed to CRM implementation, efficiency gains could 
materialize over time In other words, firms could learn how 
to use CRM implementation more efficiently as they gain 
greater experience with its implementation Therefore, a 
more positive relationship between CRM and both types of 
performance could arise later To examine this issue, it 
might be worthwhile to pursue studies with a wider time 
horizon and to adopt finer-grained metrics that capture sav- 
ings because of better coordination 


Appendix 
Estimation of Cost and Profit 
Functions 


Specification of Cost Function 


We specified the cost function (Equation 1) using the 
Founer-flexible functional form (Equation А1), a hybrid 
form that combines both standard translog and Fourier 
trigonometric terms and provides superior fit to the standard 
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translog form (Akhavein, Berger, and Humphrey 1997, 
Bauer, Berger, and Humphrey 1993, Berger, Cummins, and 
Weiss 1995, Berger, Hancock, and Humphrey 1993) As 
Berger, Hancock, and Humphrey (1993) suggest, the depen- 
dent variable 1s normalized with respect to equity and the 
price of labor, output quantities pertaining to equity, and 
prices of inputs by the price of labor to derive scale-free 
estimates of cost efficiency 


3 
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where 


VC z variable costs of 1th company, 
Р; = price of deposits, 
Р» = price of labor, 
Ра = price of purchased funds, 
P4 = price of marketing, 

Y, = amount of loans, 

Y, = quantity of securities, 

Уа = amount of services, 

W, = financial equity capital, 

W, = fixed assets, and 

NPL = amount of nonperforming loans 


We calculated the trigonometric terms ın line with Berger, 
Cummins, and Weiss’s (1995) and Gallant’s (1981) 
recommendations 

We estimate annual cost functions for each of the ten 
periods rather than a single multiyear efficiency frontier to 
allow the estimated coefficients to vary across time as mar- 
ket conditions and technology change (De Young and Hasan 
1998) We employ the bank-specific nonperforming loan 
ratio to control for market conditions faced by an individual 
bank (Berger, Cummins, and Weiss 1995, DeYoung and 
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Hasan 1998) We use the residuals to calculate cost effi- 
ciency scores 


Profit Function 

The profit function (Equation 3) takes the same form as the 
cost function except that (1) the dependent variable 1s oper- 
ating profit instead of variable costs, and (2) instead of out- 
put quantities as in cost function, 1 uses output prices 
(interest on loans and interest on securities) 


3 
(A2) InPr,+ A) e ac У 9x InP, + У У фр хав, хар, 
J 


j=l k 


+ Ув xInI, + У У B, x int, x In], 
Ј 


j=l k 


+k, X In W, + ky x In W, ФК, x In W; x In W, 


+У У Vgl? xin, 
k J 

+ YY MP, x nW, 
k J 

+ У фаш хам, 
k J 


9 
+ У в X cosz, +0 x sinz,) 
1-21 


t УУ Bin x cos(zZ; +Z,,) 
1 m 
+0 X 5ш(ж +2,,)] 


+ УУ У би X cos(z +7, + 27) 
I m n 


+ Өн Xsin(Z; +Z,, +2Z,)] 


+InNPL, + (InNPL,)? +Inv?, 


where 


Pr = profit of 1th company, 
P, = price of deposits, 
P5 = price of labor, 
P3 = price of purchased funds, 
Р, = price of marketing, 
I, = price of loans, 
1, = price of securities, 
I; = price of services, 
W, = financial equity capital, 
W3 = fixed assets, and 
NPL - amount of nonperforming loans 


The profit function has the same functional form and the 
same right-hand-side variables as the cost function, except 
that output prices replace output quantities 
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Tillmann Wagner, Richard J. Lutz, & Barton A. Weitz 


Corporate Hypocrisy: Overcoming 
the Threat of Inconsistent Corporate 
Social Responsibility Perceptions 


Reports of firms’ behaviors with regard to corporate social responsibility (CSR) are often contrary to their stated 
standards of social responsibility This research examines the effects of communication strategies a firm can use 
to mitigate the impact of these inconsistencies on consumer perceptions of corporate hypocrisy and subsequent 
beliefs about the firm's social responsibility and attitudes toward the firm Study 1 indicates that a proactive 
communication strategy (when the firm's CSR statements precede conflicting observed behavior) leads to higher 
levels of perceived hypocrisy than a reactive strategy (when the firm's CSR statements follow observed behavior) 
The inconsistent information in both scenarios increases perceptions of hypocrisy, such that CSR statements can 
actually be counterproductive Study 1 also reveals how perceived hypocrisy damages consumers’ attitudes toward 
firms by negatively affecting CSR beliefs and provides evidence for the mediating role of hypocrisy during 
information processing Study 2 finds that varying CSR policy statement abstractness acts to reduce the hidden 
risk of proactive communication strategies and can improve the effectiveness of a reactive strategy Study 3 reveals 
that an inoculation communication strategy reduces perceived hypocrisy and minimizes 15 negative consequences, 
regardless of whether the CSR strategy 15 proactive or reactive 


Keywords corporate hypocrisy, corporate social responsibility, corporate communications, retailing, business ethics 


We will not be measured by our aspirations We will be In response to this surge of reported negative firm 
measured by our actions behaviors as well as the increased levels of sensitivity of 
—Lee Scott, Chief Executive Officer, Wal-Mart customers, employees, and other stakeholders to social and 

(Gunther 2006, р 43) environmental issues, more companies are making CSR ап 


hen making purchase decisions, consumers, par- important strategic objective (Bielak, Вот, and Oppen- 
Wes those 1n developed countries, are placing heimer 2007) For example, more than 4700 corporations 

more importance on the social responsibility of across 130 different countries adopted the Global Compact 
firms Social responsibility perceptions affect the 1mage of strategic policy, committing to align their operations with a 
brands and firms, the propensity of consumers to buy set of standards of socially responsible behaviors (www 
brands and patronize retailers, and the financial perfor- unglobalcompact org) The new Business Ethics Leadership 
mance of firms (Luo and Bhattacharya 2006) In part, this Alliance, consisting of leading U S and global enterprises, 
elevated importance of corporate social responsibility such as PepsiCo, Dell, and Accenture, made a public com- 
(CSR) 1s driven by the dramatic increase 1n public 1nforma- mitment to adhere to certam guiding principles of social 
tion about the CSR activities of firms Growing mass-media responsibility (Guerrera and Birchall 2008) The impor- 
coverage, aggressive consumer advocacy groups, rising tance for firms to communicate their social responsibility 
numbers of anticorporate Web sites (e g , www homedepot not only has risen substantially over the last few years but 
sucks com, www companyethics com), and popular movie also continues to increase dramatically as a result of current 
documentaries (e g, Super Size Me, Enron The Smartest worldwide economic conditions and the resultant skepti- 
Guys in the Room) have all revealed more and more com- cism of how corporate practices affect the well-being of 
pany practices that appear socially urresponsible societies 


Although firms are developing and communicating 
more socially responsible policies and procedures, reported 
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increases the length and complexity of firms’ supply chains, 
making it more difficult for them to monitor the processes 
used to make the products they buy and to assess their qual- 
ity (see Roth et al 2008) For example, Mattel’s brand 
image and profitability were eroded when toys sourced 
from China were recalled because lead paint was used in 
the production process In addition, firms with operations in 
different counties have significant challenges in enforcing 
corporate policies across diverse cultures and business prac- 
tices For example, McDonald’s has committed to reducing 
unhealthful artificial trans fats, but the extent of such fats 1n 
its products varies greatly across different countries (Sten- 
der, Dyerberg, and Astrup 2006) Thus, consumers are 
likely to be exposed to inconsistent information about 
firms’ stated CSR policies on the one hand and their actual 
practices on the other hand 

The deviations between public CSR statements and 
business practices disclosed by other sources can have dra- 
matic effects on firms’ image and sales Thus, research 15 
needed to understand the impact of these inconsistencies on 
consumers as well as the actions firms can take to mitigate 
negative perceptions The three studies in this research 
examine the effects of varying configurations of inconsis- 
tent CSR information on consumers and, thus, the effective- 
ness of three communication approaches that firms can 
deploy To examine these issues, we introduce the concept 
of perceived corporate hypocrisy and investigate 8 dynam- 
1cs as a key psychological mechanism through which incon- 
sistent CSR information affects consumers 

We organize the remainder of this article as follows We 
begin by briefly reviewing prior research pertaining to the 
impact of CSR information on consumers We then present 
our framework involving the concept of corporate 
hypocrisy, its antecedents and consequences, and the direct 
and moderating roles of communications strategies Next, 
we describe the method and the results for three studies that 
examine the effects of the following communication strate- 


gies (1) proactive versus reactive presentation of CSR poli- 
cies, (2) abstract versus concrete descriptions of CSR poli- 
cies, and (3) the use of an inoculation strategy Both the 
abstractness of the CSR statement and the use of an inocu- 
lation message are found to shape the effects of reactive and 
proactive CSR strategies We conclude with reflections on 
the 1mplications and limitations of this research 


Background and Conceptual 
Framework 


Research on CSR Perceptions 


Corporate social responsibility 1s defined as a company’s 
obligation to exert a positive impact and minimize its nega- 
tive impact on society (Pride and Ferrell 2006) Many stud- 
1es demonstrate how information about CSR affects con- 
sumers, such as their attitudes toward firms (eg, Brown 
and Dacin 1997), brands (e g , Klein and Dawar 2004), and 
retail stores (eg , Lichtenstein, Drumwright, and Braig 
2004), purchase behaviors (e в, Mohr and Webb 2005), 
identification with companies (e 2, Sen and Bhattacharya 
2001), and causal attributions (е g , Sen, Bhattacharya, and 
Korschun 2006) Research has also examined the impact of 
both positively and negatively valenced CSR information 
and found that negative CSR information has a stronger 
effect than positive information (e g , Sen and Bhattacharya 
2001) Although the extant research has investigated the 
impact of information that 15 either positive or negative, no 
research exists that investigates how consumers react to 
inconsistent CSR information and what firms can do to 
mitigate the effects of these inconsistencies 


Conceptual Framework 


Figure 1 introduces the conceptual framework for this 
research, outlining how firm communication strategies 
affect consumer perceptions of corporate hypocrisy, CSR 


FIGURE 1 
Conceptual Model 











Inconsistent | | 


| CSR Corporate 
Information | | | Hypocrisy | 









t 
· CSR Policies 
«Proactive versus reactive 


*Abstract versus concrete 
*inoculation 
















Attitude 
Toward 
the Firm 


bae | 


d Beliefs p. 









78 / Journal of Marketing, November 2009 


beliefs, and attitudes toward firms when consumers are con- 
fronted with inconsistent information The inconsistencies 
affect consumers’ perceptions of corporate hypocrisy and 
atutudes toward the firm both directly and indirectly by 
negatively affecting CSR beliefs Because both CSR beliefs 
and attitudes toward the firm have been demonstrated to 
affect consumers’ actual purchase patterns in the market- 
place (Lichtenstein, Drumwright, and Braig 2004, Pan and 
Zinkhan 2006), the framework exhibits behavioral rele- 
vance Three communication strategies that can affect the 
perceptions of these inconsistencies are (1) the use of a 
proactive versus reactive strategy, (2) the abstractness of the 
firm's CSR statements, and (3) the use of an inoculation 
strategy As we discuss in greater depth subsequently, the 
presentation order of CSR statements and contrary behav- 
1018, corresponding to proactive and reactive communica- 
tion approaches, can directly reduce the perceived 1nforma- 
tion 1ncongruence due to attributions of change (Barden, 
Rucker, and Petty 2005) The abstractness of CSR state- 
ments moderates the 1mpact of this order effect by altering 
the degree of commensurability between 1ncongruent mes- 
sages (Pham and Muthukrishnan 2002) Inoculation treat- 
ments can reduce experienced information 1ncongruence by 
arousing people’s motivation to process additional informa- 
tion and providing such cues (Compton and Pfau 2005) 


Corporate Hypocrisy 


Definition We define corporate hypocrisy as the belief 
that a firm claims to be something that it is not In general, 
perceptions of a person’s hypocrisy occur when there 
appears to be a “distance between assertions and perfor- 
mance” (Shklar 1984, p 62) Although prior hypocrisy 
research has focused on individuals, social psychological 
research suggests that 1t 15 appropriate to examine percep- 
tions of organizations and coherent groups for dispositional 
qualities or characteristics that are commonly associated 
with perceptions of individuals (for a review, see Hamilton 
and Sherman 1996) For example, the research stream on 
brand personality in the marketing literature views brands, 
including both specific products and firms as a whole (е 2, 
retail chains), ш terms of distinct “human characteristics” 
(Aaker 1997, p 347) Such a perspective has also been 
accepted by and proved to be useful for contemporary mar- 
keting management (eg, Ogilvy 1983) Thus, organiza- 
tions, like people, may be perceived as demonstrating 
hypocrisy when inconsistent information about their own 
statements and observed behaviors emerges (however, note 
that we do not claim that hypocrisy perceptions of firms are 
identical to those of individuals) 

General consequences A consumer’s CSR beliefs are 
his or her overall assessment of the extent to which a com- 
pany 1s socially responsible (Du, Bhattacharya, and Sen 
2007) Consumers’ exposure to CSR information deter- 
mines their CSR beliefs (eg, Sen, Bhattacharya, and 
Korschun 2006) and their general attitudes toward the firm 
(Brown and Dacin 1997) Consumers build on their percep- 
tions of distinct characteristics exhibited by a person (or an 
organization), such as hypocrisy, to form evaluations on a 
more global level (Anderson 1971) Because hypocrisy 
Judgments are a direct reaction to certain CSR information 


exposure, we expect that corporate hypocrisy 1s a key psy- 
chological mechanism that affects both consumers’ overall 
CSR beliefs and their attitudes toward the firm and serves 
as a mediator of CSR information on these two interrelated 
dependent constructs Thus, we propose the following 


H, Perceived corporate hypocrisy affects consumers’ atti- 
tudes toward a firm negatively both (a) directly and (b) 
indirectly through negatively affected CSR beliefs 


Н» Perceived corporate hypocrisy mediates the influence of 
inconsistent CSR information on both attitudes toward the 
firm and CSR beliefs 


The following sections examine the effects of three 
communication strategies for conveying information about 
a firm’s CSR policies These communication strategies 
mitigate the effects of inconsistent CSR information on per- 
ceived corporate hypocrisy Each section begins with the 
theoretical rationale in support of the hypothesized effect of 
the communication strategy, followed by a discussion of the 
research design and hypotheses tests 


Study 1: Proactive Versus Reactive 
Communication Strategy 


To some extent, firms can control the order in which con- 
sumers receive inconsistent CSR information ! For exam- 
ple, some firms pursue a proactive strategy, positioning 
themselves as actively engaging 1n and supporting CSR 
activities (Du, Bhattacharya, and Sen 2007) A proactive 
communication strategy represents a firm’s efforts to dis- 
seminate specific information to create an image of social 
responsibility before any potentially negative behavioral 
CSR information is received (Shimp 1997) Starbucks and 
The Body Shop are examples of firms that engage in proac- 
tive strategies, undertaking major communication programs 
to promote their CSR activities 

In contrast, companies engage in a reactive strategy 
when they make statements about their social responsibility 
to protect their image after some socially irresponsible 
actions have been reported (Murray and Vogel 1997) In 
general, reactive communication strategies have a problem- 
driven character and represent a response to unanticipated 
marketplace developments—in particular, widespread 
media attention, which would entail negative consequences 
to firms (Shimp 1997, see also Mick, Bateman, and Lutz 
2009) For example, Wal-Mart’s top management engaged 
in a reactive or defensive strategy when ıt developed and 
promoted its CSR policies in response to numerous mass- 
media reports depicting several of the retatler’s business 
practices as socially irresponsible (Gunther 2006) 

Primacy and recency effects are often used to explain 
the information-processing impact of the order in which 
information 1s presented Primacy effects suggest that ını- 
tially received information 15 more influential than informa- 


lConsumers receive a continuous flow of both positive and 
negative CSR information about a firm Thus, it 1s difficult for 
firms to control the order of information reception However, they 
can undertake major communication campaigns before any signifi- 
cant negative actions are reported (proactive) or respond to signrfi- 
cant negative publicity with a major CSR campaign (reactive) 
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tion received subsequently Recency effects arise when 
subsequent information has a stronger impact than initially 
presented information (Highhouse and Gallo 1997) In the 
context of our study, a primacy effect from receiving incon- 
sistent CSR information suggests that a proactive CSR 
communication strategy would diminish the undesired 
effects of reports of socially wresponsible business prac- 
tices Conversely, a recency effect would 1mply that a reac- 
tive strategy would be more effective 

There 1s a rich research tradition on order effects 1n the 
persuasion literature (e g , Haugtvedt and Wegener 1994) 
Thus research focuses on the presentation of positive and 
negative arguments (1e , pros and cons) pertaining to a cer- 
tain 1ssue rather than the presentation order of inconsistent 
information. However, Barden, Rucker, and Petty (2005) 
examine order effects 1nvolving the presentation of 1ncon- 
sistent information and find that perceived hypocrisy of 
individuals was greater when statements were followed by 
behaviors rather than vice versa This effect appears to be 
due to attributions of a dispositional change when state- 
ments are made after initially observed behaviors In other 
words, people are inclined to believe that the inconsistent 
individual changed his or her position from the position 
suggested by his or her earlier behaviors Thus, we propose 
the following 


Нз The presentation order of company statements of their 
social responsibility and corresponding reports of directly 
inconsistent corporate behaviors affects consumers’ per- 
ceptions of corporate hypocrisy Specifically, perceptions 
of hypocrisy are higher when the behavior follows the 
statement (1e, a proactive strategy) than when the state- 
ment follows the behavior (1 e , a reactive strategy) 


Because of the mediating nature of consumers' perceptions 
of corporate hypocrisy 1n their processing of inconsistent 
CSR information, we likewise expect that hypocrisy medi- 
ates the impact of the presentation order of inconsistent 
CSR information on attitude toward the firm and CSR 
beliefs 


Research Design 


Procedure and Participants To test our propositions, 
we employed a 2 (valence of statement and behavior роз!- 
tive statement/negative behavior versus negative statement/ 
positive behavior) х 2 (presentation order statement fol- 
lowed by behavior [“proactive”] versus behavior followed 
by statement ["reactive"]) x 3 (replicates) between-subjects 
full-factorial design of inconsistent CSR information 2 In 
addition, we added two behavior-only, information-consistent 
control groups (valence of behavior positive versus nega- 
tive), which were likewise replicated across three condi- 
tions The three replicates represented CSR contexts that are 
commonly used in prior research (1) natural environ- 


Strictly speaking, a negative statement/positive behavior 
sequence would not be “proactive” as the term 1s typically under- 
stood Negative statements seem unlikely ın real-world corporate 
communications, and we included them 1n the initial study to рго- 
vide a conceptual replication of the fully crossed design used by 
Barden, Rucker, and Petty (2005), which highlights the robustness 
of the presentation order effect across varying information 
valence 
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ment—reducing excess packaging material, (2) employee 
treatment—offering health care benefits, and (3) support of 
national economy—not outsourcing domestic jobs to for- 
eign countries (e g , Handelman and Arnold 1999) 

Study participants were 537 undergraduate students 
enrolled in marketing classes at a large public university m 
the United States who volunteered to participate 1n return 
for extra credit In a computer behavioral laboratory facility, 
participants were randomly assigned to 1 of the 18 ехреп- 
mental conditions Participants were first provided with 
some background information about a hypothetical retail 
company, Power-Mart, that sold electronic goods and then 
were exposed to a scenario 1nvolving a corporate statement 
about its CSR policy and a description of a report ın a news- 
paper about an action the company had taken that was 
inconsistent with its CSR policy Participants were told that 
two weeks transpired between receiving the two pieces of 
contradictory information (see Barden, Rucker, and Petty 
2005) The background information and manipulations 
appear in the Web Appendix (see Table МАЈ, http // 
www marketingpower com/jmnov09) After reading the 
scenario, participants indicated their beliefs about the firm's 
hypocrisy and CSR practices, attitudes, and manipulation 
checks using various scales The context of the study 1s par- 
ticularly relevant for college students because they are sig- 
nificant patrons of consumer electronics retailers and tend 
to be concerned about CSR issues 

To test H; and Н», we measured the dependent variables 
(1 е, corporate hypocrisy, CSR beliefs, and attitude toward 
the firm) in our framework We assessed the relationships 
among these constructs and the adequacy of ther measures 
using structural equation modeling (SEM) We captured the 
latent variables using reflective multi-1tem measures and 
seven-point rating scales Items for the constructs were 
based on the extant literature when applicable and were 
modified to fit the purpose of the current research The 
complete scales and the psychometric properties of these 
measures appear 1n the Appendix 


Pretest We conducted a pretest of the manipulations 
with 226 undergraduate students enrolled in marketing 
classes at a large public university 1n the United States who 
volunteered to participate in return for extra credit We con- 
ducted a 2 (valence of statement) x 2 (presentation order) x 
3 (replicates) analysis of variance (ANOVA) to assess the 
effectiveness of the statement-valence manipulation with 
statement valence, presentation order, the replication factor, 
and all interactions among these variables as 1ndependent 
factors and a composite statement-valence manipulation 
check score as the dependent variable The appropriate 
main effect of the statement-valence treatment on the 
manipulation check was significant That 1s, participants in 
the negative-valence condition exhibited significantly 
higher perceptions of social irresponsibility conveyed by 
corporate statements than those 1n the positive-valence соп- 
dition (F(1, 214) = 99 72, p « 01) Other main effects were 
insignificant, and all interactions were insignificant except 
for the valence x replication interaction, this finding 18 in 
line with similar research efforts (e g , Barone, Manning, 
and Miniard 2004) A second ANOVA also supported the 
effectiveness of the behavior-valence manipulation, indicat- 


mg that participants in the negative-behavior-valence condi- 
tion demonstrated higher perceptions of social птеѕропѕ1- 
bility demonstrated by corporate behaviors (F(1, 214) = 
59 68, p « 01) 


Results 


Impact of inconsistent information on perceived corpo- 
rate hypocrisy As a preliminary analysis, we assessed the 
overall impact of CSR information consistency on рег- 
ceived hypocrisy using a 2 (consistency of CSR informa- 
tion inconsistent information = experimental cells contain- 
ing both negative and positive CSR information through 
reported behaviors and oppositely valenced statements, 
consistent information = experimental cells containing 
either negative or positive CSR information through 
reported behaviors) x 2 (valence of behavior) x 3 (repli- 
cates) ANOVA The factor presentation order 1s absent from 
this analysis because it represents a nested condition only in 
scenarios of inconsistent information The CSR information 
consistency, the valence of behavior, the replication factor, 
and all interactions among these variables were the 1пде- 
pendent factors, and the measure of perceived corporate 
hypocrisy was the dependent variable As we anticipated, 
participants who were exposed to inconsistent CSR infor- 
mation exhibited significantly higher perceptions of corpo- 
rate Һуроспѕу than participants who received consistent 
information (F(1, 525) = 425 32, p < 01, Mic = 5 30 versus 
Mc = 312) Planned contrasts and mean comparisons 
showed that this effect occurred 1n each of the replicate con- 
ditions (Fs = 120 39, ps < 01) An overall main effect of 
behavioral valence on hypocrisy perceptions also emerged 
(F(1, 525) = 25 04, p « 01) There was a significant behav- 
лог valence X information inconsistency interaction (F(1, 
525) = 18 73, p « 01), and contrasts revealed that percep- 
tions of hypocrisy were higher for negative than for positive 
corporate behaviors for scenarios with consistent CSR 
information (F(1, 525) = 34 12, p < 01, Мувс gp = 3 62 
versus Mpos вћ = 263) Notably, in cases of inconsistent 
CSR information, behavioral valence did not significantly 
affect hypocrisy (Е(1, 525) = 32, p > 05), which means 
that even positive corporate behaviors lead to perceptions of 
hypocrisy when the behaviors are contrary to a firm’s state- 
ments, thus underscoring the potency of CSR information 
inconsistency to negatively affect consumers’ evaluations 
No other interactions emerged (Fs < 1 75, ps > 05) Finally, 
perceived hypocrisy varied across replicates (F(2, 525) = 
475, p < 01) Hypocrisy perceptions were slightly more 
pronounced in the environment context (F(1, 525) = 8 43, 
p < 05, Mgny = 4 72) than in the employees and outsourc- 
ing contexts, which did not differ significantly from each 
other (F(1, 525) = 1 08, р > 05) 

Consequences of perceived corporate hypocrisy We 
tested the consequences and the mediating characteristics of 
corporate hypocrisy proposed ın Hy and Н» using an SEM 
approach to analyze experimental data (Wagner, Hennig- 
Thurau, and Rudolph 2009) A confirmatory factor analysis 
conducted with Mplus 5 1 assessed the measurement prop- 
erties of our scales and indicated a good overall fit of the 
model (Browne and Cudeck 1993) as well as solid psycho- 
metric properties of our measures All standardized factor 


loadings exhibited statistical significance at p < 01, which 
indicated convergent validity Factor magnitudes range from 
74 to 94 and demonstrate positive signs Evidence of inter- 
nal consistency stems from the composite reliability (values 
ranging from 88 to 94) and average variance extracted 
scores (ranging from 72 to 79) We also achieved discrimi- 
nant validity, according to the criterion Fornell and Larcker 
(1981) suggest, because the average variance extracted was 
greater than the squared correlation for each ра of factors 
An overview of the construct reliabilities of our latent 
variables appears in the Appendix 

Next, we estimated a structural model of the proposed 
consequences of hypocrisy The overall fit measures indi- 
cated that the hypothesized structural model 1s a good rep- 
resentation of the structures underlying the observed data 
Providing full support for Ну, the results of the estimation 
procedure showed that consumers’ perceived corporate 
hypocrisy had a significant, negative impact on their atti- 
tudes toward the firm both directly (ү = — 20, t = —3 96) and 
indirectly through a negative effect on CSR beliefs (у = 
— 61, = —13 98), which also predicted the ultimate depen- 
dent variable (B = 40, t = 7 24) 


Mediating role of corporate hypocrisy We also used 
SEM to test for the existence of mediating effects of corpo- 
rate hypocrisy An SEM approach to mediation analysis 
builds on Baron and Kenny’s (1986) original recommenda- 
tion and has been demonstrated to be superior to tests using 
a general linear model (Iacobucci, Saldanha, and Deng 
2007) Specifically, we assessed whether hypocrisy medi- 
ates the influence of (1) the inconsistency of CSR informa- 
tion and (2) the presentation order of inconsistent CSR 
information on both attitude toward the firm and CSR 
beliefs Using James, Mulaik, and Brett's (2006) procedure, 
we compared the direct and indirect effects simultaneously 
within one structural model Because information presenta- 
tion order was nested within the condition of 1nconsistent 
CSR information, we estimated two separate models, one 
using the overall sample of responses (pertaining to 1ncon- 
sistency as the 1ndependent variable) and the other related 
only to cases of inconsistent information, omitting 
responses to the consistent behavior-only control groups 
(with presentation order as the independent variable) 

For each model, we dummy-coded the two levels of the 
independent variable (1 e , inconsistency of mformation or 
presentation order) as 1 or 2 Hypocrisy, attitude toward the 
firm, and overall CSR evaluations were the dependent 
variables We computed total indirect effects because the 
mdependent factors affect the ultimate dependent variable 
пе, attitude toward the firm) through more than one medi- 
ating construct (see Bollen 1987) Table 1 shows the results 
of the mediation tests 

When direct and indirect effects ın a structural model 
are compared to test for mediation, evidence for full media- 
tion occurs when the 1ndirect path from the independent to 
the ultimate dependent variable 1s significant and the direct 
path between those two constructs exhibits nonsignificance 
Evidence for partial mediation emerges if both respective 
indirect and direct paths are significant No evidence for 
mediation occurs 1f the indirect path ıs nonsignificant and 
the direct path 1s significant (е g , Shrout and Bolger 2002) 
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TABLE 1 
Mediation Analysis (Study 1) 


Total Indirect Effect Direct Effect 





Evidence of 
Estimate t-Value Estimate  t-Value Mediation 
Model Aa 
Information inconsistency — attitude toward the firm 27“ 6 22 01 09 Full mediation 
Information inconsistency — CSR beliefs 48** 10 54 - 13" —256 Partial mediation 
Information inconsistency — corporate hypocrisy – 67“ —19 40 
Corporate hypocrisy — attitude toward the firm – 20“ —2 91 
Corporate hypocrisy — CSR beliefs – 70“ —12 07 
CSR beliefs — attitude toward the firm 40** 712 
Model Bb 
Order of inconsistent information — attitude toward the firm 19** 519 – 03 —70 Full mediation 
Order of inconsistent information — CSR beliefs 20** 5 52 08 151 Full mediation 
Order of inconsistent information — corporate hypocrisy – 39** —7 44 
Corporate hypocrisy — attitude toward the firm – 19“ –2 78 
Corporate hypocrisy — CSR beliefs – 51" –7 83 
CSR beliefs — attitude toward the firm 39** 5 43 
*p « 05 (two-tailed) 
**p < 01 (two-tailed) 
aModel estimation based on total sample (n = 537) 
bModel estimation based on nested sample of responses to inconsistent information (п = 343) 
As Table 1 outlines, the 1mpact of 1nformation 1nconsis- TABLE 2 


tency on attitude toward the firm was fully mediated by 
hypocrisy, and the effect of consistency on CSR beliefs 
was characterized by partial mediation, providing at least 
partial support for Н, As for the order of inconsistent infor- 
mation, hypocrisy fully mediated the impact on both out- 
come variables, as we anticipated 


Effects of proactive versus reactive communication 
strategies To test H3—the impact of the presentation order 
of inconsistent CSR information on hypocrisy—we con- 
ducted a 2 (presentation order) x 2 (valence of behavior) x 3 
(replicates) ANOVA The independent variables were pre- 
sentation order, valence of behavior, the replicate factor, 
and all interactions among these variables Perceived corpo- 
rate hypocrisy was the dependent variable Table 2 provides 
an overview of the key ANOVAs of this study, and Table 3 
reports the cell means of perceived hypocrisy 

In support of H3, participants who were exposed to 
statements followed by behaviors (1e, proactive strategy) 
exhibited higher perceptions of corporate hypocrisy than 
participants who were presented behaviors followed by 
statements (1e, reactive strategy) (КА, 331) = 55 51, р < 
01, Му first = 5 79 versus Mpp first = 4 84) Planned con- 
trasts show that this effect was evident 1n all replicate con- 
ditions (Fs > 13 23, ps < 01) and in both constellations of 
inconsistent information (Fs > 23 47, ps < 01), showing 
independence of normative standards, such as expectations 
of society regarding the social responsibility of firms 

Although the evidence for the presentation order effect 
depicted reactive strategies as leading to less negative con- 
sumer perceptions of hypocrisy than proactive strategies, 
the magnitude of this effect did not fully compensate for the 
overall destructive impact of information inconsistency 
This 1s indicated by contrasting hypocrisy impressions of 
consumers exposed to reactive strategies with the hypocrisy 
perceptions of the negative behaviors—only control groups, 
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ANOVA Overview (Study 1) 


Dependent Variable: 
Corporate Hypocrisy 


Model 


Independent Variables 
Order 
Valence of behavior 
Replicates 
Order x valence 
Order x replicates 
Valence x replicates 
Order x valence x replicates 


F-Value 
610 


p-Value 
< 01 


< 01 
> 05 
> 05 
> 05 
> 05 
< 05 
> 05 


Dependent Variable CSR Beliefs 


Model 


Independent Variables 
Order 
Valence of behavior 
Replicates 
Order x valence 
Order x replicates 
Valence x replicates 
Order x valence x replicates 


5 09 


29 00 
1 28 
461 

17 
91 
403 
2 52 


< 01 


< 01 
> 05 
< 05 
> 05 
> 05 
< 05 
> 05 


Dependent Variable: Attitude Toward the Firm 


Model 


Independent Variables 
Order 
Valence of behavior 
Replicates 
Order x valence 
Order x replicates 
Valence x replicates 
Order x valence x replicates 


207 


7 56 

79 
107 
100 
212 
3 46 

28 


< 05 


< 01 
> 05 
> 05 
> 05 
> 05 
< 05 
> 05 


which were significantly less pronounced (Myeg contr = 
3 62, F(1, 519) = 39 11, p « 01) This effect was evident in 
each replicate condition (Fs 2 13 29, ps « 01) Finally, we 
conducted supplementary identical ANOVAs with CSR 
beliefs and attitude toward the firm as dependent constructs 
(see Table 2), showing that presentation order likewise 
exerts direct effects on these variables 1п the expected direc- 
tion The corresponding means of these analyses appear in 
Tables 4 and 5 


Discussion 


The results of Study 1 support our conceptual framework 
Inconsistent CSR information about firms has a substantial 
impact on consumers, eliciting perceptions of corporate 
hypocrisy and thus adversely affecting their CSR beliefs 
about and attitudes toward firms Evidence of mediation 
supports the role of perceived corporate hypocrisy as a key 
psychological mechanism ın the processing of such 1nfor- 
mation With respect to the mitigating effects of communi- 
cation strategies, hypocrisy perceptions are significantly 
higher for proactive strategies (1 е, statement followed by 
behavior) than for reactive strategies (1e, behavior fol- 
lowed by statement) However, the magnitude of this effect 
does not fully compensate for the destructive overall umpact 
of CSR information inconsistency on hypocrisy, suggesting 
that positive firm statements tend to exert a negative impact 
on consumers’ evaluations both when following and espe- 
cially when preceding exposure to information about con- 
tradictory corporate actions Accordingly, even reactive 
CSR measures, which firms frequently deploy to combat 
the consequences of revealed socially irresponsible behav- 
1ors, have a negative impact on consumers through elevated 
hypocrisy perceptions, thus contradicting firms’ intended 
impact 

Given these findings, the question emerges of how com- 
panies can reduce the risk of potentially inconsistent CSR 
perceptions by using more sophisticated communication 
strategies The next two studies explore the effects of two 
other communication strategies that may shape the effects 


of proactive and reactive CSR strategies—namely, the use 
of abstract versus concrete CSR policy statements and inoc- 
ulation messages 


Study 2: Abstract Versus Concrete 
Communication Strategy 


In general, CSR information has a diagnostic function in 
consumer judgments (Biehal and Shemin 2007) Thus, 
altering the diagnosticity of inconsistent information may 
reduce its negative effects Pham and Muthukrishnan (2002) 
investigate the diagnosticity of sequentially presented 
inconsistent information on consumer (brand) judgments 
They find that the degree of commensurability of informa- 
tion abstractness shapes information processing For exam- 
ple, a consumer judgment based on abstract initial infor- 
mation undergoes less judgment revision 1п the face of 
subsequently presented inconsistent concrete information 
because of the incommensurability of the initial and subse- 
quent information This effect occurs because when both 
elements of information exhibit a similar degree of abstrac- 
tion, the information presented initially becomes more 
mentally accessible (Ziamou and Ratneshwar 2003), creat- 
ing the realization that the same validation criterion applies 
(Albarracin, Wallace, and Glasman 2004) This perceived 
compatibility then increases the likelihood of attitude 
change, that 1s, the contrary information presented last 1s 
more influential (Johar, Sengupta, and Aaker 2005) 

It 15 reasonable to assume that, most commonly, 
reported negative CSR behaviors tend to be specific (1e, 
concrete) 1n nature because media coverage 1s likely to 
report distinct socially irresponsible actions of firms rather 
than more abstract speculations Consequently, concrete 
CSR statements would exhibit a similar degree of abstrac- 
tion to reported behaviors This would enhance perceived 
commensurability and amplify the impact of the informa- 
tion presented last, thus reinforcing the presentation order 
effect of proactive and reactive strategies However, 1f CSR 
statements are presented 1n a more abstract manner, com- 


TABLE 3 
Perceived Hypocrisy Means for Proactive/Reactive Communication Strategy (Study 1) 





A: Factorial Design 

















Proactive Strategy Reactive Strategy 
(Statement First, Behavior Second) (Behavior First, Statement Second) Within Valence 
+ Statement/ Environment 614 (71) 586 (85) Environment 5 13 (1 28) 4 85 (1 20) 5 33 (1 15) 
— behavior Employees 562 (79) Employees 4 42 (1 16) 
Outsourcing 5 82 (96) Outsourcing 5 02 (1 04) 
— Statement/ Environment 5 69 (1 36) 572(122) Environment 4 75 (1 35) 4 84 (1 36) 5 27 (136) 
+ behavior Employees 5 82 (1 11) Employees 491 (1 41) 
Outsourcing 5 65 (1 19) Outsourcing 4 82 (1 34) 
Within order 5 79 (1 05) 4 84 (1 27) 
B: Control Groups 
Negative Behavior Positive Behavior 
Environment 4 02 (1 00) 3 62 (109) Environment 280 (90) 2 63 ( 95) 
Employees 3 38 (1 06) Employees 248 (85) 
Outsourcing 3 45 (1 13) Outsourcing 2 62 (1 06) 
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TABLE 4 
CSR Beliefs Means for Proactive/Reactive Communication Strategy (Study 1) 


A. Factorial Design 





Proactive Strategy 
(Statement First, Behavior Second) 


Reactive Strategy 


(Behavior First, Statement Second) Within Valence 














+ Statement) Environment 2 26 (1 04) 265 (100) Environment 2 94 (1 50) 3 39 (1 33) 304 (1 24) 
—behavior Employees 277 (77) Employees 371 (1 18) 
Outsourcing 2 95 (1 08) Outsourcing 3 51 (121) 
— Statement/ Environment 2 27 (1 07) 256 (1 26) Environment 3 42 (1 12) 3 13 (1 09) 2 85 (1 12) 
+ реһамог Employees 2 58 (1 30) Employees 267 (86) 
Outsourcing 2 85 (1 39) Outsourcing 3 48 (1 16) 
Within order 2 61 (113) 3 27 (1 23) 
B: Control Groups 
Negative Behavior Positive Behavior 
Environment 2 02 (1 31) 262 (126) Environment 5 38 (96) 5 27 (97) 
Employees 2 78 (1 13) Employees 535 (86) 
Outsourcing 303 (1 13) Outsourcing 5 08 (1 09) 
TABLE 5 


Attitude Toward the Firm Means for Proactive/Reactive Communication Strategy (Study 1) 


A: Factorial Design 


Proactive Strategy 
(Statement First, Behavior Second) 


+ Statement/ Environment 2 67 (1 28) 3 07 (1 30) 
—behavior Employees 3 53 (1 25) 
Outsourcing 3 00 (1 27) 

— Statement/ Environment 3 58 (1 62) 3 35 (1 53) 
+ behavior Employees 3 58 (141) 
Outsourcing 2 88 (1 50) 
Within order 3 20 (1 42) 


B: Control Groups 


Negative Behavior 


Environment 3 13 (1 11) 3 65 (1 30) 
Employees 3 98 (1 43) 
Outsourcing 3 86 (1 21) 


mensurabilty between CSR statements and behaviors 
would be reduced, as would the information presentation 
order effect Overall, CSR statement abstractness would 
exhibit an attenuation interaction effect with regard to the 
presentation order of inconsistent CSR information From a 
managerial perspective, correspondingly, more abstract 
company statements would be expected to decrease percep- 
tions of corporate hypocrisy 1n cases of positive CSR state- 
ments followed by concrete reported negative behaviors and 
to increase perceived hypocrisy when the positive statement 
follows the report of the negative behavior 


H; The abstractness of CSR statements interacts with the 
order of presented inconsistent CSR information on per- 
ceptions of corporate hypocrisy Specifically when the 
firm's concrete, positive CSR statement precedes revela- 
tions of a concrete socially irresponsible behavior, percep- 
tions of corporate hypocrisy are higher than when the 
firm's socially irresponsible behavior precedes the firm's 
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Reactive Strategy 
(Behavior First, Statement Second) Within Valence 
Environment 3 40 (1 70) 3 63 (1 39) 3 36 (1 37) 
Employees 3 76 (1 11) 
Outsourcing 3 70 (1 33) 
Environment 3 87 (1 19) 3 57 (1 24) 3 46 (1 39) 
Employees 3 35 (1 36) 
Outsourcing 3 60 (1 11) 
3 60 (1 32) 

Positive Behavior 
Environment 5 11 (148) 4 90 (1 80) 
Employees 4 86 (2 00) 
Outsourcing 4 75 (1 88) 


positive, concrete CSR statement However, when the 
firm's positive CSR statement 1s abstract and the negative 
behavior 1s concrete, the order of presentation has no 
effect on perceptions of hypocnsy 


Research Design 


Procedure and participants The typical, and most 
notably managerially, inconsistent CSR situation involves 
positive statements and negative reported behaviors Thus, 
Studies 2 and 3 focus on this condition To test Hy, we 
designed a 2 (presentation order statement followed by 
behavior versus behavior followed by statement) x 2 
(abstractness abstract statement versus concrete state- 
ment) х 3 (replicates) between-subjects, full-factortal 
experiment related to positive CSR statements and negative 
CSR behaviors plus two behavior-only control groups 
(valence of behavior positive versus negative) for each of 


the three replication contexts Undergraduate marketing stu- 
dents at a large public university in the United States who 
had not participated in any of the previous studies volun- 
teered to participate for extra credit In total, 611 partici- 
pants read and answered questions regarding 1 of the 18 
scenarios in a laboratory setting The procedure, back- 
ground information, treatment conditions, replicates, and 
measures used ın this study were the same as those used in 
Study 1, 1n addition to the statement abstractness manipula- 
tion that differentiated between concrete CSR statements 
similar to Study 1 and more abstract statements (see the 
Web Appendix, Table WA2, http //www marketingpower 
com/Jmnov09) The construct reliabilities of the latent 
variables hypocrisy, CSR beliefs, and attitude toward the 
firm appear in the Appendix 


Pretest We conducted a pretest of the manipulations in 
a laboratory facility with 294 undergraduate students 
enrolled in marketing classes at а large public university in 
the United States who volunteered to participate in return 
for extra credit and did not participate in any of the other 
studies We conducted a 2 (statement abstractness) x 2 
(presentation order) x 3 (replicates) ANOVA to assess the 
effectiveness of the statement abstractness manipulation, 
with abstractness, presentation order, the replication factor, 
and all interactions among these variables as independent 
factors and the composite manipulation check score as the 
dependent variable Participants in the abstract-statement 
condition exhibited significantly lower perceptions of state- 
ment concreteness than those in the concrete-statement sce- 
narios (F(1, 282) = 14 92, p < 01), and no other main or 
1nteraction effects were significant The pretest supports the 
effectiveness of the abstractness manipulation Next, we 
present the findings of the mam study 


Results 


Moderating effect of CSR policy statement abstractness 
H4 proposes that statement abstractness moderates the 
impact of the order of inconsistent CSR information on per- 
ceptions of corporate hypocrisy Related to the cells of 
inconsistent information only (and omitting the bebavior- 
only control groups), we conducted a 2 (presentation 
order positive statement followed by negative behavior 
versus negative behavior followed by positive statement) x 
2 (abstractness abstract statement versus concrete state- 
ment) x 3 (replicates) ANOVA The independent variables 
were presentation order, statement abstractness, the repli- 
cate factor, and all interactions among these variables Per- 
ceived hypocrisy was the dependent variable The findings 
of this analysis appear 1n Table 6, and the respective cell 
means appear 1n Table 7 

The results revalidated the main effect of presentation 
order (РА, 435) = 38 69, p < 01, Ms, first = 5 61, Мру first = 
4 88) More important, abstractness significantly interacted 
with presentation order as theorized (F(1, 435) = 34 21, p< 
01) 3 This order x abstractness interaction (see Figure 2) 





3Supplementary ANOVAs akin to Study 1 indicate that the 
order—abstractness interaction also directly affects CSR beliefs as 
expected and that abstractness increases attitude toward the firm 
directly ın cases of proactive strategies 


TABLE 6 
Hypocrisy ANOVA (Study 2) 


Dependent Variable: 


Corporate Hypocrisy F-Value p-Value 

Model 9 30 « 01 

Independent Variables 
Order 38 69 « 01 
Statement abstractness 19 > 05 
Replicates 163 > 05 
Order x abstractness 34 21 < 01 
Order x replicates 154 > 05 
Abstractness x replicates 417 < 05 
Order x abstractness x replicates 179 > 05 





was not affected by the replicate factor (F(2, 435) = 1 79, 
p> 05), and the collapsed means were as follows for posi- 
tive statements presented first, followed by demonstrated 
negative behaviors, Mapstract = 5 33 and Meoncrete = 5 90, for 
the behavior-statement sequences, Mapstract = 5 26 and 
Mooncrete = 4 60 

In support of the attenuation interaction proposed 1n H4, 
presentation order demonstrated an effect for concrete state- 
ments (F(1, 435) = 76 98, p < 01) but not for abstract ones 
(20, 435) = 07, р> 05) A series of planned contrasts 1а01- 
cated that these effects also emerged separately for each of 
the replicate conditions (for concrete statements, Fs > 
11 39, ps < 01, for abstract statements, Fs < 30, ps > 05) 
Moreover, the interaction fully crossed over with терага to 
two opposing effects of statement abstraction That 1s, con- 
crete statements increased corporate hypocrisy perceptions 
when positive statements were made before perceived nega- 
tive behaviors (F(1, 435) 2 14 10, p « 01) and reduced 
hypocrisy 1n cases of negative behaviors followed by posi- 
tive firm statements (F(1, 435) = 20 55, p « 01) Contrasts 
per replicate condition 1ndicated that the extent of concrete- 
ness Іп initially presented positive statements followed by 
negative actions increased hypocrisy perceptions for the 
conditions related to the natural environment (F(1, 435) = 
483, p < 05, Mabstract = 5 39, Meoncrete = 5 97) and out- 
sourcing (F(1, 435) = 756, p < 01, Mabstract = 5 19, 
Meoncrete = 5 89) but was insignificant ın the employee con- 
text (F(1, 435) = 2 57, p> 05) The concreteness of positive 
statements that were received after the initial exposure to 
negative corporate behaviors decreased perceived hypocrisy 
in the environment (F(1, 435) = 930, p < 01, Matstract = 
5 52, Meoncrete = 470) and employee conditions (F(1, 
435) = 21 85, p < 01, Mabstract = 5 30, Meoncrete = 4 10) but 
not 1n the outsourcing context (F(1, 435) = 00, p » 05) 

The observed interaction effect suggested that proactive 
abstract communication strategies are potentially less harm- 
ful than concrete ones and that concrete reactive communi- 
cation strategies are more effective than abstract ones How- 
ever, the reduced perceptions of corporate hypocrisy 
facilitated by the deployment of the superior strategies were 
unable to fully compensate for the overall negative effect of 
CSR information inconsistency Hypocrisy impressions 
based on scenarios 1п which initial negative behaviors were 
followed by concrete, positive CSR statements were signifi- 
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TABLE 7 
Perceived Hypocrisy Means for Abstract/Concrete Communication Strategy (Study 2) 





A: Factorial Design 

















Proactive Strategy Reactive Strategy Within 
(Statement First, Behavior Second) (Behavior First, Statement Second) Abstractness 
Abstract Environment 5 39 (1 04) 5 33 (1 19) Environment 5 52 (92) 526 (1 04) 5 29 (1 22) 
statement Employees 5 40 (1 38) Employees 5 30 (1 01) 
Outsourcing 5 19 (1 17) Outsourcing 5 05 (1 11) 
Concrete Environment 597 (96) 5 90 (88) Environment 470 (1 22) 4 60 (1 29) 5 17 (1 30) 
statement Employees 5 84 (87) Employees 4 10 (1 39) 
Outsourcing 589 (82) Outsourcing 5 05 (1 05) 
Within order 5 61 (1 09) 4 88 (1 23) 
B: Control Groups 
Negative Behavior Positive Behavior 
Environment 3 48 (1 35) 331 (1 18) Environment 259 (96) 2 77 (108) 
Employees 3 49 (1 03) Employees 2 89 (1 29) 
Outsourcing 2 90 (1 04) Outsourcing 283 (99) 
FIGURE 2 fit and again supported the convergent validity, internal con- 
Interaction Effect of Statement Abstractness and sistency, and discriminant validity of the measurement 
Order (Study 2) scales The corresponding construct reliabilities appear in 
the Appendix The estimation results of the structural model 
ie demonstrated a satisfactory model fit and, as in Study 1, 
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Inconsistent CSR Information 


- - - Concrete statement — — — Abstract statement 


cantly higher than the impressions of the negative behavior- 
only control groups (Mweg contr = 3 31, F(1, 593) = 70 85, 
p « 01, this effect occurs for each replicate condition, Fs > 
6 41, ps < 05) 


Consequences of corporate hypocrisy In addition to the 
revalidated order effect discussed previously, we replicated 
the findings from Study 1 regarding the proposed conse- 
quences of perceived hypocrisy using SEM We used the 
same constructs (1 e , corporate hypocrisy, CSR beliefs, and 
attitude toward the firm) and measures as 1n Study 1 An 
ша! confirmatory factor analysis exhibited a good model 
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supported Н; Specifically, corporate hypocrisy had а sig- 
nificant, negative effect on attitude toward the firm both 
directly (у = — 19, t = –3 92) and indirectly by reducing 
CSR beliefs (у = — 66, t = —15 57), which predicted attitude 
as well (B = 50, t= 9 85) 


Discussion 


Study 2 replicates the results of Study 1 regarding the effect 
of the presentation order of inconsistent information and the 
attitudinal consequences of perceived corporate hypocrisy 
In addition, Study 2 provides evidence for a proposed mod- 
erating effect of statement abstractness This result suggests 
that companies can reduce the risk of proactive strategies 
and improve the effectiveness of reactive strategies by vary- 
ing the abstractness of CSR policy statements However, the 
abstractness effect does not completely mitigate the nega- 
име impact of information inconsistency 

Conversely, the use of abstract CSR policy statements 
enables companies to improve their proactive strategies to 
better “protect” themselves 1n advance against the possibil- 
ity of reported socially irresponsible business practices 
Moreover, it seems unrealistic to expect firms to refrain 
from making positive CSR statements, which may reflect 
new laws (е g , the ban of trans fats 1n food products in New 
York) or other stakeholder or strategic requirements Conse- 
quently, the question emerges regarding additional strate- 
gies with the potential to further reduce hypocrisy percep- 
tions and ther negative consequences In particular, it 1s 
important to consider how companies can respond to cases 
in which negative behaviors have already occurred and how 
future public reports can be anticipated because these will 
be common scenarios 1n today’s business environment An 
avenue that may enable companies to shape their CSR 
strategies 1n such cases resides in inoculation theory 


(McGuire 1964), which relates to influencing percerved 
information inconsistency We examine this 1n Study 3 


Study 3: Inoculation 
Communication Strategy 


Inoculation treatments, consisting of both a moderate 
degree of negative information and a corresponding refuta- 
tional defense or justification (Compton and Pfau 2005), 
can reduce the perceived inconsistency 1n information about 
an object and thus reduce negative attitude changes toward 
1t (Tannenbaum, Macauley, and Norris 1966) In general, 
inoculation theory maintains that when people perceive 
counterarguments to an existing belief, they will be more 
resistant to persuasion if they were “inoculated,” or previ- 
ously exposed to a weaker form of the counterarguments, 
which are refuted in the same message (Compton and Pfau 
2005, Papageorgis and McGuire 1961) This effect 15 due to 
the experienced threat that an existing belief 1s under attack, 
triggered by the negative information in the inoculation 
treatment, which arouses the motivation to seek out new 
support for the initial position, provided by the refutational 
defense statement also included 1n the inoculation message 
(McGuire 1964) Inoculation theory has been adopted to 
examine contemporary marketing issues, such as brand 
alternatives (Bechwati and Siegal 2005) and marketing 
communications akin to those in the current study (Crowley 
and Hoyer 1994) 

Translating inoculation into the context of a proactive 
CSR communication strategy, the positive CSR statement 
creates an initial positive belief about the firm’s CSR activ- 
ity Subsequently, the firm releases another CSR-related 
statement that alludes to the prospect of a socially irrespon- 
sible action, accompanied by a refutation Issuing such a 
statement reduces the negative impact of subsequently 
reported negative behavior In this view, ıt can be antici- 
pated that the inoculation communication strategy increases 
consumers’ resistance to the subsequent report of negative 
behavior, thus reducing the perceived information inconsis- 
tency and impressions of corporate hypocrisy 

Next, the question emerges regarding the role of such 
inoculation communication strategies for scenarios of reac- 
tive CSR strategies, characterized by initial reports of nega- 
tive CSR behaviors followed by positive firm statements 
Wood (2007) suggests that people who are "initially 
opposed" to an 1ssue, such as being exposed to negative 
CSR behaviors in the first place, are likewise positively 
affected by inoculation information that 1s negatively 
valenced and refuted because the refutation element poses a 
challenge to the initial negative impression Wood finds ем1- 
dence that such treatments cause opposed participants to 
reevaluate their initial position and to positively adjust their 
final attitude toward the relevant issue Accordingly, the 
inoculation treatment would be expected to exert a positive 
impact 1n this scenario as well, thus reducing perceptions of 
corporate hypocrisy Therefore, we expect that the insertion 
of an inoculation message between the inconsistent CSR 
statement and the reported behavior will reduce hypocrisy 
perceptions for both proactive and reactive communication 
strategies 


Hs Inoculation treatments reduce perceptions of corporate 
hypocrisy 1n cases of inconsistent CSR information 


Research Design 


Procedure and participants To test H5—the impact of 
1noculation treatments 1n scenarios of inconsistent CSR 
information—we used a 2 (presentation order positive 
statement followed by negative behavior versus negative 
behavior followed by positive statement) x 2 (inoculation 
treatment inclusion versus absence) x 3 (replicates) 
between-subjects, full-factorial design Participants were 
not involved 1n any of the previous studies and represented 
undergraduate students enrolled їп marketing classes at a 
large public university ın the United States who тесегуей 
extra credit for their voluntary participation. In total, 336 
students participated in the laboratory study The back- 
ground information, scenario descriptions, and general pro- 
cedures used in this study were identical to the two previous 
studies, however, only perceived hypocrisy was measured 
as the dependent variable Positive CSR statements were 
identical to the ones employed in Study 1 To provide addi- 
tional robustness of the presentation order effect, we used a 
modified procedure We administered two additional unre- 
lated filler tasks 1n this study, after the first information was 
presented (1e , CSR policy statement or reported behavior) 
and before the information presented last (Lee 2002) Thus, 
the sequence of tasks for each participant was (1) CSR 
statement (report of CSR behavior), (2) filler task, (3) 1noc- 
ulation treatment, (4) filler task, and (5) report of CSR 
behavior (CSR statement) 

The inoculation treatments for each replicate condition 
were company statements with two components—a reduced 
version of the negative information (compared with the 
reported negative behaviors used in the previous studies) 
and a refutational defense of the respective action (Comp- 
ton and Pfau 2005) These inoculation treatments were 
similar ın structure to those used by Wood (2007) (for 
details, see the Web Appendix, Table WA3, http // 
www marketingpower com/jmnov09) After participants 
were exposed to all background, scenario, and filler infor- 
mation, scales measuring perceived corporate hypocrisy 
were presented 


Pretest An initial pretest examining the effectiveness of 
the inoculation treatments built on four cells (randomized, 
between groups) one for each of the three replicate condi- 
tions, 1ncluding the respective inoculation statement, and 
one overall control group, lacking any of such 1nformation 
The background information about the fictitious company 
and the experimental procedures were identical to the previ- 
ous studies One-hundred fifty-one undergraduate market- 
ing students at a large public university 1n the United States 
who had not taken part in the previous studies participated 
1n the study for extra credit 1n a laboratory setting 

We included two manipulation check items, one captur- 
ing perceived exposure to a mild amount of negative 1nfor- 
mation about the firm and the other related to the presenta- 
tion of a refutational defense of this information We 
conducted two corresponding ANOVAs, the results of 
which supported the effectiveness of exposing participants 
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to moderate negative formation (F(3, 147) = 6097, p < 
01) and refuted counterarguments (F(3, 147) = 24 28, p < 
01) 


Results 


To test for the proposed effects of inoculation treatments, 
we conducted a 2 (presentation order positive statement 
followed by negative behavior versus negative behavior fol- 
lowed by positive statement) x 2 (inoculation treatment 
versus no treatment) x 3 (replicates) ANOVA with presenta- 
tion order, inoculation, the replicate factor, and all respec- 
tive interactions as independent factors and hypocrisy as the 
dependent variable The findings of this analysis appear in 
Table 8, and the cell means for hypocrisy appear in Table 9 
The analysis demonstrates that, 1n general, inoculation 
treatments reduced perceptions of corporate hypocrisy (F(1, 
324) = 22 08, p < 01, Minoc = 4 70, Myo inoc = 5 24) More- 
over, planned comparisons showed that this significant 
effect was evident 1n each replicate condition (Fs 2 6 27, 
ps « 05) and for both presentation orders of inconsistent 
information (Fs 2 7 20, ps « 01), acknowledging that, 1n 
general, inoculation statements appeared to be effective 1n 
reducing perceptions of corporate hypocrisy for inconsis- 
tent CSR information and providing full support for Hs 
The main effect of presentation order was as we antici- 
pated (F(1, 324) = 38 15, p < 01, Му first = 5 29, 
Мвь first = 4 62), and responses to hypocrisy differed 
among replicate conditions (F(2, 324) = 12 82, p < 01), 
such that perceptions were more pronounced 1п the environ- 


TABLE 8 
Hypocrisy ANOVA (Study 3) 


Dependent Variable: 


ment and outsourcing conditions (КА, 324) = 35, p > 05, 
Meny = 5 23, Мом = 5 13) than ш the employees context 
(РА, 324) = 24 87, p < 01, Memp = 4 57) All interactions 
among the independent variables were insignificant (Fs < 
2 85, ps > 05) 


General Discussion 


Although prior research has studied the 1mpact of differ- 
ently valenced product information on consumers, it 
remains unclear how consumers perceive and react to dis- 
tinctively inconsistent CSR information and how firms can 
use communication strategies to mitigate these effects Tak- 
ing first steps toward closing this gap, we examined the 
impact of varying configurations of inconsistent CSR infor- 
mation on consumers with three experimental studies, using 
three replicate contexts and analyzed by means of ANOVA 
and SEM Transferring the social psychological research of 
Barden, Rucker, and Petty (2005) to the context of our 
research, we introduced the concept of perceived corporate 
hypocrisy as a consequence of inconsistent CSR informa- 
tion and suggested the existence of an order effect, such that 
hypocrisy perceptions are higher when the firm’s statements 
are presented first followed by reported corporate actions 
G e, a proactive CSR strategy gone wrong) than 1n the case 
of behaviors succeeded by statements (1e, a reactive CSR 
strategy) In line with extant CSR-related research, we also 
theorized that corporate hypocrisy has a negattve impact on 
consumers’ attitudes toward firms both directly and indi- 
rectly through negatively affected CSR beliefs Moreover, 
we suggested that hypocrisy functions as a key psychologi- 
cal mechanism 1n consumers’ processing of inconsistent 
CSR information, exerting a mediating role 1n the impact of 
such information on the dependent variables of CSR beliefs 
and attitude toward the firm 

Following the supportive findings of Study 1, we intro- 





Corporate Hypocrisy Есмајце: ~ рап duced additional measures that companies can deploy to 
Model 893 < 01 influence the processing of inconsistent CSR information, 
Independent Variables thus avoiding perceptions of corporate hypocrisy and its 
Order 38 15 <01 negative consequences Specifically, we hypothesized an 
Inoculation 22 08 < 01 interaction effect involving the abstractness of firm state- 
Replicates 12 82 <01 ments and the impact of information presentation order on 
Order x inoculation 103 > 05 hypocrisy Study 2 suggests that statement abstractness 
teens ease o id ds 1ndeed tends to decrease perceptions of corporate hypocrisy 
Order x inoculation x replicates 2 85 ~ 05 in cases of statements followed by contrary behaviors and 
ке аан НА ЛЕГЕНЬ ОННАН Е actually increases hypocrisy when behaviors precede firm 
TABLE 9 
Perceived Hypocrisy Means for Inoculation Communication Strategy (Study 3) 
Proactive Strategy Reactive Strategy Within 
(Statement First, Behavior Second) (Behavior First, Statement Second) Inoculation 
Inoculation Environment 545 (78) 507(111) Environment 442 (84) 427 (89) 470 (1 08) 
Employees 4 50 (1 08) Employees 406 (80) 
Outsourcing 5 30 (1 22) Outsourcing 4 38 (1 03) 
No Environment 579 (87) 551 (106) Environment 5 05 (1 04) 4 95 (1 08) 5 24 (1 10) 
inoculation Employees 5 29 (1 08) Employees 440 (81) 
Outsourcing 5 39 (1 23) Outsourcing 5 31 (1 16) 
Within order 5 29 (1 11) 4 62 (1 05) 
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statements Moreover, Study 2 replicates the key findings of 
the first study 

Adopting an inoculation theoretical perspective, Study 3 
tested the 1mpact of inoculation treatments as an additional 
countermeasure that companies can deploy when reports of 
negative corporate actions have already occurred or can be 
antcipated The experimental findings supported this 
proposition 


Managerial Implications 


This research has implications for contemporary marketing 
management First, the findings suggest the existence of a 
destructive effect of 1nconsistent CSR information, which 
can trigger consumers' perceptions of corporate hypocrisy 
and thus Jeopardize their positive CSR beliefs and attitudes 
toward the firm Specifically, proactive CSR strategies may 
bear a hidden risk if they convey a firm's standards of social 
responsibility, which may be followed by the revelation of 
actions violating such principles Notably, reactive CSR 
strategies, which are frequently employed 1n the corporate 
world to combat the negative consequences of initially 
reported negative CSR behaviors, can create a scenario of 
information inconsistency, which leads to perceptions of 
corporate hypocrisy and a negative influence on firm 
evaluations Thus, positive CSR information, when accom- 
panied by reports of inconsistent firm behavior, can be 
counterproductive to its desired effect, potentially leading 
to substantial negative consumer reactions This finding 1s 
especially noteworthy because extant research suggests that 
even uniformly positive CSR information tends to be lim- 
ited in its ability to create the desired positive impact on 
consumers’ firm evaluations (Mohr and Webb 2005, Sen 
and Bhattacharya 2001, see also Handelman and Amold 
1999) Factoring in these insights from prior research with 
| of the current study may cause companies to 
ect further on releasing such CSR statements, which not 
only may introduce additional risk but also are limited in 
their potential to elicit the desired positive consequences 
Second, this research suggests how companies can 
dampen hypocrisy perceptions and their negative conse- 
quences in scenarios of potentially inconsistent CSR infor- 
mation Proactive strategies could be improved, or made 
less potentially harmful, 1f the mutially presented CSR state- 
ment 1s relatively abstract in nature Such communications 
should refrain from listing specific behavioral standards if a 
failure to comply cannot entirely be ruled out and, in addi- 
tion, should promote relevant core ethical guiding princi- 
ples of the organization on a more general level The effec- 
tiveness of reactive CSR strategies, 1Ё employed, could be 
improved by framing CSR statements as distinctively spe- 
cific ш nature For example, such specific statements should 
use “real-life” testimonials to showcase various concrete 
examples of how the firm 1s positively affecting society and 
its members 
Finally, this research suggests that for both proactive 
and reactive CSR strategies, hypocrisy perceptions can be 
effectively reduced through additional inoculation treat- 
ments—that 1s, when firms release statements with moder- 
ately negative CSR information that has already been 
reported or 1s anticipated to emerge and provide refuting 


counterarguments to this information The independence of 
this inoculation effect from mformation presentation order 
renders such treatments attractive because, 1n actuality, 1t 
may be difficult for firms to be aware of which individual 
customers have already been exposed to reports of negative 
behaviors or will be 1n the future 


Limitations and Further Research 


The limitations of this study provide some guidance for fur- 
ther research Although the underlying experimental 
approach provides crucial first insights into the causal 
impact of inconsistent CSR information, the external 
validity of the suggested dynamics of corporate hypocrisy 
perceptions needs to be strengthened by follow-up field 
research This research also considers a limited set of 
experimental treatments, such as inoculation messages and 
certain sequences of corporate statements and behaviors, 
and we used the same three replication contexts throughout 
all studies The two basic information order scenarios 1nves- 
tigated here do not provide an exhaustive representation of 
all existing communication patterns that can be encountered 
in the marketplace Rather, they are limited to a proactive 
CSR strategy, which assumes generally negligible con- 
sumer awareness of negative CSR information about a firm 
at the time positive information 1s disseminated, and a reac- 
tive strategy, which assumes existing negative perceptions 
before positive CSR information ıs released (e g , current 
negative media reports) If extended sequences of state- 
ments and behaviors violate the assumptions of these strate- 
gies, their categorization as proactive and reactive and their 
demonstrated impact may be called into question Future 
endeavors should investigate the 1mpact of such alternative 
information sequences from a longitudinal perspective, 
using nonstudent samples, and should also include objective 
behavioral outcomes 

This research 1s also lumited ın that ıt considers one con- 
text, retarling, and consumers living in the United States 
Thus, future studies on the perceptions and consequences of 
corporate hypocrisy across various industries and from an 
intercultural perspective would be highly relevant More- 
over, an array of potentially influential consumer personal- 
ity traits and sociodemographic characteristics remains to 
be studied Particularly when using field data from cus- 
tomers and employing a correlational perspective, 1t would 
be worthwhile to investigate how such criteria shape per- 
ceptions of inconsistent CSR information and its outcomes 

It should be acknowledged that the current framework 1s 
limited in that ıt assumes a recursive, or unidirectional, 
nature of selected interrelationships among the vanables of 
interest, potential nonrecursive effects and additional 
dependencies still need to be examined Furthermore, the 
theoretical framework may be expanded to include addi- 
tional variables, such as company credibility, product qual- 
ity, and the perceived fit between the core business of a firm 
and its CSR activities, and additional process variables that 
explain other aspects of consumers’ psychological mecha- 
nisms in cases of inconsistent CSR information, such as 
perceived skepticism or reduced trust Although this 
research provides important initial insights into the impact 
of inconsistent CSR information on perceived hypocrisy 
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APPENDIX 
Measures and Properties 





Latent Relia- Based 
Variables Items bilities on 
Corporate In my opinion а 

hypocrisy *Power-Mart acts 94! Own items 


hypocritically 
*What Power-Mart says 94! 
and does are two 
different things 
•Ромег-Магї pretends to 90!" 
be something that it Is 
not 
*Power-Mart does 
exactly what it says b 
*Power-Mart keeps its 
promises 6 
*Power-Mart puts its 
words into action b 


Latent Rela- Based 
Variables Items bilities on 
CSR beliefs Іп my opinion а 
*Power-Mart is a 88! Maignan 
socially responsible (2001), 
company Salmones, 
«Power-Mart 15 90!! Crespo, 
concerned to improve and 
the well-being of Bosque 
society (2005) 
*Power-Mart follows 
high ethical standards 
Attitude In general, my feelings 
toward toward Power-Mart аге с 
the firm eunfavorable/favorable 94! Homer 
*bad/good 94! (1995) 
eunpleasant/pleasant 
*positive/negativeb 


aWe obtained responses using seven-point Likert-type scales, anchored by 1 = “disagree completely” and 7 = “agree completely” 


bltem responses were reverse coded 


cWe obtained responses using seven-point bipolar scales, anchored by 1 for the statement mentioned first and 7 for the statement mentioned 


second 


1, 1, Construct reliability obtained from Studies 1, 2, and 3, respectively 


assessed as an overall unidimensional construct, further 
research could delve deeper into and elaborate on poten- 
tially different facets of corporate hypocrisy 

Finally, this research identifies perceived corporate 
hypocrisy as a powerful determinant of consumers’ firm 
evaluations We speculate that corporate hypocrisy repre- 
sents a relevant psychological mechanism not only 1n the 
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Determinants of Pay Levels and 
Structures in Sales Organizations 


Two key issues In business-to-business (B2B) sales force management are (1) how much a given sales job should 
be compensated (pay level) and (2) how much of the compensation should be fixed versus variable (pay structure) 
The authors examine the paychecks drawn by people in more than 14,000 selling jobs and more than 4000 sales 
management Jobs in five B2B industry sectors in five European countries They show that pay levels and structures 
reflect an apparent balancing of two conflicting pressures the economic imperative (to reward better performers by 
heightening pay dispersion) and the compensation differential compression resulting from high tax regimes In 
particular, B2B firms appear to use variable pay as a way to lessen the salary differential compression impact of 
high tax regimes on salesperson motivation Furthermore, similar to chief executive officers, sales managers can 
have an important multiplier effect that justifies paying them at increasing rates as Job challenge rises 


Keywords compensation, motivation, agency theory, pay disparity, sales management 


n many business-to-business (B2B) industries, personal B2B field sales, a job with unusual features (Gomez-Meyia 
selling in the field 1s a critical marketing function A and Balkin 1992) Research specific to sales roles has not 


pressing issue for the decision maker 1s that of compen- kept pace with management’s need to understand the level 
sation How much should a salesperson earn (the question and structure of sales compensation In particular, based on 
of pay level), and how much of that pay should be guaran- economic theories, a self-contained body of literature has 
teed (salary) rather than contingent on achievement (the generated insights into optimal salesperson compensation 
question of pay structure)? Some practitioners believe that (Albers 2002) However, Brown and colleagues (2005) con- 
an even more important issue 1s the level and structure of clude that it 1s difficult to apply these insights to many sell- 
pay for the managers who supervise salespeople Elling and ing situations, ш particular because the field sales job 15 
colleagues (2002) assert that a poor manager can ruin sev- becoming more complex and longer 1n its time orientation 
eral salespeople and seriously reduce the achievements of (Jones et al 2005) Complicating the compensation research 
each one, while an excellent manager can develop several issues further, most empirical salesperson compensation 
great salespeople, each of whom consistently generates research examines only pay structures, 1gnoring pay levels, 
high returns and research on compensation of sales managers 1s almost 

A large body of research yields insight into compensa- nonexistent Albers (2002) points to the difficulty of obtain- 
tion 1n general, but 1t 1s difficult to apply these studies to ing detailed and accurate data on compensation in sales 


(е g , data from professional organizations on factors influ- 
encing variable pay levels or for a given firm, data on the 


Dominique Rouzies 15 Professor of Marketing, HEC Paris, and a member response function and the utility function of salespeople) 


of the CNRS unit Greghec, UMR CNRS 2959 (e-mail rouzies@hec fr) We test our research hypotheses using a unique data set 
Anne T Coughlan is Professor of Marketing, Kellogg School of Manage- that covers more than 14,000 salesperson roles and more 
ment, Northwestern University (e-mail a-coughlan @kellogg northwestern than 4000 sales manager roles operating 1n five European 
edu) Erin Anderson (deceased) was John H Loudon Chaired Professor countries and 1n five B2B industry sectors We supplement 
of International Management and Professor of Marketing, INSEAD Dawn these data with privately commussioned data about each 


lacobucci is E. Bronson Ingram Professor of Marketing, Owen Graduate 
School of Management, Vanderbilt University (e-mail Dawn lacobucci 
owen vanderbilt edu) This article was submitted in April 2007 Seven 
months later, on November 21, Erin Anderson passed away at age 52 


country’s taxation and publicly available data on cost of liv- 
ing Despite extensive literature on this topic, our 1nvestiga- 
tion provides some new and notable results 


This article is dedicated to her memory The authors thank the Hay Group First, we use a new theoretical approach to develop a 
for providing the data and for many valuable conversations Sébastien conceptual model that links compensation level and struc- 
Caillet, Robert Davenport, Bernard Marty, and David Hufnagel were par- ture To this end, we draw on literature from sales force 
ticularly helpful They thank Jack Anderson of Ernst & Young for contribut- management, compensation theory, transaction cost analy- 
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sis, and agency theory 
Second, we investigate both sales managers’ and sales- 
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tance of Jinping Fan They thank Steven Brown, Peter Cappelli, René manager compensation has never been investigated етріп- 
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ment literature on the compensation of top managers (е 2, 
chief executive officers) and the marketing literature on 
field salespeople, examining an intermediate level of corpo- 
rate employee expands our understanding of compensation 
at all levels of the enterprise Our scrutiny of the sales man- 
agement level also provides evidence of a different impact 
of job challenge than 1s evident in the field sales force, so 
the incremental analysis 1s not merely a replication of field 
salesperson compensation insights 

Third, this study is the first compensation study to 
examine the sales (or sales manager) job at a micro level 
Prior research has examined the person filling the selling 
Job (eg, age, education) and has averaged across sales 
roles at the firm level, usually based on survey data about 
"typical" sales positions inside a firm Thus, we model 
individual-level data, whereas other research uses proxies, 
such as average compensation of salespeople across an 
entire sales force In particular, we carefully control for dif- 
ferences 1n the nature of the selling task Data of this nature 
are difficult to obtain, particularly on a large scale 

Fourth, with this multisource, multicountry secondary 
data, we discern patterns in pay level and structure at the 
individual job/paycheck level Thus, we examine both level 
and structure of sales pay plans—that 1s, how much sales 
personnel earn (level) and in what form they derive the 
income (the structure of fixed and variable pay) These two 
key descriptors of pay are not always investigated together 
1n the compensation literature, though both theory and prac- 
tical insight indicate that they are related Our results con- 
firm this insight 

Fifth, we focus on posttax remuneration rather than pre- 
tax remuneration traditionally modeled in the hterature 
because we believe sales personnel are motivated by dispos- 
able income, and therefore companies set compensation 
policies with tax considerations ın mind. Variations ш the 
tax environment magnify variation in the compensation 
environment and strengthen the test of our major explana- 
tory mechanism, which 18 the impact of the management of 
income differential compression due to high tax regimes on 
salesperson motivation 

In this article, we argue that pay level and pay structure 
decisions are linked and that both are driven by the tension 
experienced by decision makers between the economic 
imperative to connect pay to productivity and the compen- 
sation differential compression resulting from high tax 
regimes Our results suggest that top sales managers pro- 
vide exceptional value to the firm and are paid accordingly 
We also show theoretical convergence between the manage- 
ment and agency theory approaches 1n predicting sales pay 
levels and structures 


A Conceptual Model of 
Compensation Level and Structure 


Challenges in Sales Compensation Research 


Face-to-face selling on the customer's premises (field sell- 
шр) 1s particularly important in the B2B sector, in which 
skilled salespeople work to solve customer problems to cre- 
ate a sale and then work within their own firms to ensure 


that obligations to the customer are honored In B2B, sales- 
people are often the principal means of promotion and of 
gaining market feedback and, as such, can strongly influ- 
ence profitability As a result, top salespeople should be 
paid accordingly 

There 1s a large literature on compensation reflecting 
many perspectives—principally, organization theory and 
behavior, international management, industrial organization 
psychology, sociology, economics (including principal- 
agent theory), labor economics, law, and strategy (Werner 
and Ward 2004) Notably, B2B sales jobs are curiously 
absent from the management research on compensation, 
both empirically and conceptually, even though these 
theories have direct applicability to the sales force context 
Indeed, compensation texts urge caution зп applying com- 
pensation insights because of the exceptional features of 
B2B sales jobs (Gomez-Meyia and Balkin 1992) No two 
sales territories are alike, so every job 1s unique, making it 
difficult to establish baselines (Ryans and Weinberg 1987) 
Unlike most jobs, 1nformation 1s asymmetric, salespeople 
know their territories, customers, and competitors much 
better than management does Salespeople are autonomous, 
they are out 1n the field, away from direct observation and 
contact Furthermore, for many sales jobs, 1t 1s difficult to 
specify the best route to success 

These factors suggest that the monitoring and assess- 
ment of performance 1s difficult All these elements of field 
sales complicate a first-line sales manager's efforts to cali- 
brate appropriate salary levels, person-by-person and year- 
by-year, and to convince his or her superiors and subordi- 
nates that his or her multiple judgments are correct 
However, salespeople generate visible outcomes for which 
they can be held (at least somewhat) accountable Thus, 
variable (incentive) pay can be used as substitute for salary 
and is more justrfiable than in almost any other occupa- 
tional setting (Gomez-Meyia and Balkin 1992) These 
insights from management theory suggest that managers 
have a difficult time settling on the proper amount to pay 
and іп what form 

In parallel, a considerable body of literature on sales 
compensation has developed in the marketing field (for 
reviews, see Albers 2002, Brown et al 2005, Krafft, Albers, 
and Lal 2004) Key analytic contributions, based on agency- 
theoretic models, have been made by Basu and colleagues 
(1985), Lal and Srinivasan (1993), and Joseph and Thevar- 
anjan (1998), and these and other contributions are 
reviewed by Coughlan and Sen (1989) and Coughlan 
(1993) Empirical tests of agency-theoretic predictions have 
been presented by John and Weitz (1989), Coughlan and 
Narasimhan (1992), Krafft, Albers, and Lal (2004), Joseph 
and Kalwani (1998), and Misra, Coughlan, and Narasimhan 
(2005) 

The agency-theoretic approach 1s based on the ideas that 
the firm (called a “рппара!") hires sales personnel (called 
"agents") to generate sales, that sales are positively (but sto- 
chastically) influenced by the amount of sales effort 
exerted, and that sales personnel are risk averse while the 
firm 1s risk neutral (though Misra, Coughlan, and 
Narasimhan [2005] also model a risk-averse firm) In this 
environment, the optimal compensation plan (both ш total 
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рау and ın the mix of salary versus variable pay) must 
simultaneously induce strong sales effort and also offer the 
sales employee a risk-adjusted expected income level at 
least as great as his or her next-best earning opportunity 
(1e, his or her “opportunity cost of time") Comparative- 
static analysis generates predictions about the effects of 
opportunity cost of time, size of the firm, salesperson risk 
aversion, and sales effort productivity on total pay and the 
mix of fixed salary and variable compensation 

Neither the management compensation literature nor 
agency theory specifically examines the impact of tax 
regimes on optimal compensation of salespeople or sales 
managers, though testable inferences can be made from the 
underlying theories for pay levels and structure for sales- 
people and sales managers Next, we turn to this hypothesis 
development 


How Job Challenge Influences Pay Level 


A review by Lazear (1995, р 260) notes the curious omis- 
sion of task characteristics (job demands), even though “the 
entire notion of a ‘job’ seems central to the thinking of 
businesspersons and administrators ” This 15 understandable 
because it 15 difficult to compile detailed data on job 
demands In B2B field sales, all jobs appear to be superfi- 
cially alike, but conceptually they are scalable from low to 
high job challenge (Davenport 2001) Low-challenge sales 
jobs demand relatively little know-how or problem solving 
and typically involve repetitive, small sales to transactional 
customers In contrast, high-challenge sales jobs involve 
consultative relationship management of jumbo accounts 
These jobs demand leadership of internal cross-functional 
teams on the supplier's side, which work with correspond- 
ing teams on the customer's side Similarly, sales managers’ 
variations 1n Job challenge may come from supervising less 
versus more challenging sales roles ог from variations in 
depth of supervisory responsibihty or other strategic roles 
in the firm 

In keeping with the economic point of view, we 
hypothesize that firms will award higher pay as job chal- 
lenge rises In short, the more challenging the sales job, the 
more valuable and visible 1s the contribution of salespeople 
who do the job well Furthermore, competitors will poach 
the best performers 1Ё the firm does not reward them suffi- 
ciently—that 15, 1f the firm does not offer them at least their 
“opportunity cost of time" (see Basu et al 1985, Cappelli 
1999, Misra, Coughlan, and Narasimhan 2005) Thus, deci- 
sion makers can readily agree that it 15 1n the firm's 1nterest 
to motivate the jobholder to work harder and smarter 

Does the same argument apply to sales managers them- 
selves? Good sales managers can make a significant differ- 
ence by enabling and coaching their multiple subordinates 
and by securing organizational resources for promising cus- 
tomers (Anderson 1996) Therefore, empowering several 
effective sales managers has multiplier effects on revenue 
and profits (MacKenzie, Podsakoff, and Paine 1999) Such 
skills are more scarce than general field-selling skills, 
which also increases the competent sales manager’s oppor- 
tunity cost of time As a result, ıt may be necessary to com- 
pensate sales manager roles at 1ncrementally higher rates 
(1e, than those enjoyed by salespeople) as job challenge 
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increases (Basu et al 1985, Coughlan and Narasimhan 
1992, Misra, Coughlan, and Narasimhan 2005) Organiza- 
tions cannot overlook net pay because it 1s after-tax income 
that motivates employees by determining their lifestyle, 
accordingly, our hypotheses focus on the level of take-home 
pay In some tax regimes (those with progressive tax rates), 
after-tax 1ncome differentials can be compressed to levels 
that leave employees wondering why they should work 
harder (Gottschalk and Smeeding 1997) Drawing on both 
management theory and agency theory reasoning, we posit 
the following 


H, The level of take-home pay increases at a higher rate with 
job challenge for sales managers than for salespeople 


How Job Challenge Influences Pay Structure 


As we discussed previously, low-challenge jobs differ from 
high-challenge jobs in their required degree of know-how, 
problem solving, and leadership skills (Davenport 2001) 
The opportunity cost of ште of a sales professional 1s also 
likely to increase as the job challenge increases because of 
the increasing scarcity of these higher-level skills This sug- 
gests (as per agency-theoretic predictions) not only a higher 
overall level of pay as job challenge mses (H4) but also a 
lower level of variable pay (see Basu et al 1985, Coughlan 
and Narasimhan 1992, Coughlan and Sen 1989, Misra, 
Coughlan, and Narasimhan 2005) ! Integrating the trans- 
action cost analysis framework with prescriptions from the 
sales management literature, John and Weitz (1989) also 
suggest that the proportion of total pay generated by 
variable pay formulas of a sales professional is likely to 
decrease as the job challenge increases because of the 
increasing difficulty of replacing the jobholder 

Similarly, higher-challenge sales management jobs 
involve incremental supervisory responsibilities (Davenport 
2001) Reliance on variable pay in this environment 
requires a formula that ties variable pay to an objective indi- 
cator or set of indicators However, performance on more 
challenging Jobs 1s more difficult to measure because there 
1s an absence of neat, clean measures that correspond to 
what the firm needs its sales managers to do (e g , measur- 
ing the quality of supervisory mentoring 1s more difficult 
than observing sales performance by lower-level field sales- 
people) 2 Therefore, the firm cannot build a variable pay 
formula that “works” as well for high-challenge as for low- 


INote that these sources all hypothesize that a higher opportu- 
nity cost of time 1s associated with a higher ratio of salary to total 
pay Instead, we hypothesize that a higher level of job challenge (a 
positive proxy for the opportunity cost of time) 1s negatively asso- 
ciated with the ratio of variable to salary pay These two state- 
ments can straightforwardly be shown to be mathematically 1denti- 
cal Let T = total pay, S = salary pay, and V = variable pay Then, 
V=T-S Note that (V/S) = [(T – SYS] = (T/S) = ([1/(S/T)] - 1} 
Then, any factor that causes the ratio of salary to total pay (S/T) to 
rise implies directly that the ratio of variable pay to salary (V/S) 
falls Thus, Н), which postulates a negative relationship between 
job challenge and the ratio of variable to salary pay, 1s consistent 
with the opportunity-cost-of-time hypotheses voiced in the cited 
articles 

2We thank Ajay Kohli for this line of argument 


challenge jobs This phenomenon tnggers gaming and poor 
teamwork if firms nevertheless offer their sales managers a 
compensation plan heavily weighted toward variable pay 
Therefore, both management theory and agency theory pre- 
dict that job challenge affects pay structures, as follows 


Н» The greater the job challenge, the lower 1s the ratio of 
variable to fixed pay (a) for salespeople and (b) for sales 
managers 


How the Tax Environment Raises the Stakes 


Our fundamental argument 1s that economic considerations 
drive firms to single out and reward high performers in 
challenging sales jobs Factoring 1n national taxation sys- 
tems introduces new complications not taken into account 
in the agency-theoretic published literature First, to ensure 
that posttax differentials among performance levels are 
large enough to be motivating, a firm must create large pre- 
tax pay differentials Firms will be obliged to pay a high- 
performing sales employee whatever 1t takes to make sure 
that motivational pay premiums are still 1n the employee's 
bank account after he or she pays taxes Second, the 
employer 1s boosted into a higher payroll tax bracket as 
employee gross pay changes The combined tax burden— 
employee and employer—leads to enormous differences 
across employees in their total cost to the company 

These two considerations (employee and employer) 
amplify the necessity for firms in high tax regimes to offer 
even higher incentives than firms 1n low tax regimes ? 
Therefore, we posit the following 


Н; The ratio of variable to fixed pay increases as the 
employee's taxation burden mcreases (a) for salespeople 
and (b) for sales managers 


H4 The ratio of variable to fixed pay increases as the 
employer's taxation burden increases (a) for salespeople 
and (b) for sales managers 


The Relationship of Pay Structure to Pay Level 


Firms cannot afford not to reward salespeople when they 
generate results from their customers, otherwise, sales- 
people may shirk, behave unethically, sabotage, or quit 
One solution 15 to combine variable pay with higher average 
take-home pay Weiss (2001) argues that firms that embrace 
variable pay can outbid the average total pay at salary-only 
firms because they can offer lofty pay to high performers, 
while avoiding the risk of high pay for poor performance 
This holds for sales managers as well because their variable 
pay may be hinged to the performance of their subordinates 
Employees may also frame pay volatility as a form of risk, 
which deserves (even requires) higher total pay in return 
Conversely, it 1s unlikely that salary-only firms will pay 
well, given their assumption of the risk of poor performance 

Agency-theoretic reasoning 1s completely consistent 
with the foregoing argument When an agent (eg, a sales- 
person, a sales manager) 15 risk averse, a more highly 
variable pay plan must have a higher expected payout than 





3We thank an anonymous reviewer for this line of argument 


an all-salary plan to induce the agent to “take the bet" This 
1s the same phenomenon as ın the standard economic analy- 
sis of sure versus risky bets (Coughlan and Sen 1989, pp 
334-36) When giving a person a choice between, for 
example, $100 for certain and a fifty-fifty chance of win- 
ning either $50 or some (high) value $X, a risk-neutral per- 
son 1s just willing to take the risky alternative as long as $X 
18 at least $150 1n value (so that the expected value of the 
bet 1s at least $100) However, a risk-averse person requires 
$X to be strictly greater than $150, and the higher the 
degree of risk aversion, the larger the risk premium ($X – 
$150) must be to 1nduce the person to take the bet Thus, on 
the basis of either management theory or agency-theoretic 
reasoning, we posit the following 


Н; The level of take-home pay increases with the ratio of 
variable to fixed pay (a) for salespeople and (b) for sales 
managers 


Baseline Influences on Pay Level and Pay 
Structure 


Our premise 1s tbat sales personnel care about how well 
their compensation allows them to live, to the point that 
management must factor this into pay structure and pay 
level If so, the cost of Irving 1n a country should influence 
pay levels, which should be adjusted upward to reflect high 
costs (Milkovich and Newman 2002) 

Industry factors should also matter Multi-industry stud- 
xes typically find industry effects, which may capture 
important elements of the competitive and task environment 
(Milkovich and Newman 2002), as well as industry-specific 
norms (Gomez-Mejia and Balkin 1992) 

Firms that operate 1n only one country (national firms) 
may not follow the same compensation strategy as multi- 
country (international) firms (Werner and Ward 2004) 
International firms have reason to harmonize practices over 
countries, whereas national firms are free to reflect local 
norms 

The size of the employer is an important factor, but the 
nature of 16 impact 1s controversial In terms of pay level, it 
1$ taken for granted that large firms pay better than small 
firms for all jobs, though it 1s unclear why (Milkovich and 
Newman 2002), and the difference 18 rapidly fading away 
(Hollister 2004) In terms of pay structure, does firm size 
influence reliance on variable pay? The limited literature 
that addresses this question empirically suggests that small 
firms rely more on variable pay and less on salary, perhaps 
because they cannot afford overhead However, in a study 
of more than 14,000 middle and top managers, Gerhart and 
Milkovich (1990) find the reverse Mısra, Coughlan, and 
Narasimhan (2005) and John and Weitz (1989) study field 
salespeople and also find that larger companies turn to 
variable pay Misra, Coughlan, and Narasimhan argue that 
this arises from two factors lower risk aversion in large 
than in small firms and higher sales productivity in large 
firms John and Weitz explain the size result as a reaction to 
governance costs The larger the firm, the more judgments 
must be made, and the more difficult 1t 1s to keep these 
judgments consistent and to explain them convincingly to 
salespeople 
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Model Development and Estimation 


Sample 
Key variables are compiled by the Hay Group, the world’s 
largest compensation consulting firm, which uses the infor- 
mation to generate and sell benchmarking reports by 1ndus- 
try and country, as well as for consulting Hay uses a highly 
formalized job evaluation methodology, adopted by more 
than 40% of the Fortune 1000 companies, based on its own 
propretary position evaluation methodology (Sperling 
2001) The central variable 1s the Hay point, an overall 
index of the job challenge of any job (here, each sales or 
sales management role) This index 1s painstakingly cah- 
brated by Hay consultants, 1n conjunction with personnel 
from human resources and sales management within each 
company, from detailed information about tasks, duties, and 
responsibilities of each job type This information 1s com- 
bined to provide a single overall measure of skills or job 
requirements, as we describe in greater detail subsequently 
Hay also draws on each company’s archives to ascertain the 
pay level and pay composition (fixed versus variable) actu- 
ally earned by the people filling these thousands of jobs 

Our data set contains fixed and variable compensation 
in 2002 for 14,424 salesperson jobs and 4957 sales manager 
Jobs from national or international organizations operating 
1n five European countries (France, Germany, Italy, the 
Netherlands, and the United Kingdom) and five industrial 
sectors (consumer, financial, industrial goods, trade, and 
other sectors) * Our choice of European countries was moti- 
vated by (1) the lack of compensation research on European 
sales forces and (2) our 1nterest 1n 1nvestigating various tax 
environments, subject to data and sample availability 
Approximately two-thirds of salespeople and one-half of 
sales managers work for national companies In the sales 
arena, researchers have followed human capital theory, typi- 
cally relying on measures of salesperson characteristics— 
averaged at the sales force level—to investigate sales per- 
sonnel compensation issues (eg, Coughlan and 
Narasimhan 1992, Krafft 1999, Krafft, Albers, and Lal 
2004, Misra, Coughlan, and Narasimhan 2005) Examining 
sales job characteristics rather than salesperson characteris- 
tics, as the Hay data permit us to do, 1s likely to substan- 
tially enrich our understanding of sales compensation 

We tested the data for potential multicollinearity 
Although mean-centering can alleviate correlations among 
predictor variables, multicollinearity may remain an inher- 
ent part of the variance structure (see Echambadi and Hess 
2007) To lend greater confidence to our findings, we con- 
ducted several tests for multicollinearity on the data None 
of the pairwise correlation coefficients (see Table 1) 
between the predictors are greater than 62 (p < 0001) for 
Model 1 and 48 (p < 0001) for Model 2 Furthermore, all 
the variance inflation factors are below 2 In addition, none 
of the condition indexes associated with the eigenvalues of 
the vanable matrix exceed 3 Consequently, multicollinear- 
ity ıs not an issue in our data (Belsey, Kuh, and Welsch 





4Salesperson data are for all five countnes, while sales manager 
data are only for four countries (France, Germany, the Nether- 
lands, and the United Kingdom) 


96 / Journal of Marketing, November 2009 


1982, Marquardt 1970) (for raw figures, see Tables 1 and 2, 
for descriptive statistics and pairwise correlations, Tables 3 
and 4) 


Measures 


Take-home pay We adjusted total compensation mea- 
sures to account for income and social taxes, country-by- 
country and bracket-by-bracket Ernst & Young, a promi- 
nent international tax accounting firm that regularly 
computes such figures for the business press, provided the 
2002 tax figures for every €5,000 earnings ranging between 
€5,000 and €250,000, assuming sales personnel are proto- 
typical (1e, marred with two children under 16 years of 
age) Using these tax and earning figures, we estimated 
employees’ taxes through piecewise regression analysis to 
maximize the fit This approach abstracts from Фе princi- 
ples of tax systems and gets directly into actual taxes, given 
actual pay ranges for real people 1n each country Because 
the resulting figures for take-home pay vary substantially 
across industries, we mean-center take-home pay by 
1ndustry 5 


Firm size Firm size 1s operationally defined as firm 
sales (expressed as a natural logarithm), which 1s consistent 
with extant compensation research (e g, Gomez-Meyjia, 
Larraza-Kintana, and Makn 2003, Miller, Wiseman, and 
Gomez-Meyia 2002, Sanders and Carpenter 1998, Zajac and 
Westphal 1995) Corporate sales range from €9 mullion to 
€8,000 million with a mean of €1,128 million (using indi- 
vidual salespeople as units of analysis) The average corpo- 
ration studied would place approximately 2500th ın the 
AMADEUS (2004) ranking of European companies for 
sales Thus, although the companies we study were not ran- 
domly selected, they appear typical ш some key respects 


Job challenge The Hay point system 1s a proprietary 
method for rating the content of any job and 1s a widely 
used technique for measuring the “value” of individual jobs 
both within and across organizations (Baron and Kreps 
1999, p 285) To construct this measure, Hay and its clients 
develop detailed questionnaires that cover what 1s done 
exactly and what 1s needed 1n a particular job More specifi- 
cally, know-how (1e , capabilities, knowledge, and special- 
1zed techniques), problem solving (1 e , requirements to deal 
with unusual situations), and accountability (1 e , empower- 
ment, authority, and magnitude) are determined The com- 
bined measure of these three dimensions captures how 
demanding a particular job 15 Furthermore, teams of Hay 
consultants, managers, and employees holding the job fill 
out the questionnaires to ensure that complete descriptions 
are provided (O’Shaughnessy, Levine, and Cappelli 2001, 
p 485) 


5Although Hay points are designed to assess job requirements 
across firms, the associated compensation may not be aligned to 
those requirements For example, O'Shaughnessy, Levine, and 
Cappelli (2001) surmise that some firms, to ensure above-average 
performance, may overpay to attract and retam more qualified 
employees than the jobs require We thank the anonymous review- 
ers for pointing out this issue 


TABLE 1 
Summary Statistics for Salespeople by industry and Country (n = 14,424) 


Take-Home Pay (€) % Variable Pay 





M SD M SD 
Consumer goods (n = 3638) 34,492 59 9,522 07 10 12 
Industrial goods (n = 6541) 37,978 25 10,800 80 14 15 
Financial services (n = 3648) 39,550 72 12,797 51 16 18 
Trade (n = 362) 26,205 46 15,475 10 14 24 
Other industries (n = 235) 32,366 83 7,071 91 04 07 
France (n = 7823) 37,044 58 11,864 86 16 17 
Germany (n = 576) 43,995 00 11,249 04 12 13 
Italy (n = 1378) 34,266 39 11,858 68 12 11 
The Netherlands (n = 1147) 31,221 70 6,656 32 08 08 
United Kingdom (n = 3500) 39,172 05 10,374 72 10 14 

TABLE 2 


Summary Statistics for Sales Managers by Industry and by Country (n = 4957) 


Take-Home Pay (€) % Variable Pay 





M SD M 50 
Consumer goods (п = 1828) 51,233 31 14,135 65 10 09 
Industrial goods (n = 2246) 53,002 42 11,796 94 15 13 
Financial services (n = 724) 50,381 94 12,570 43 15 17 
Trade (п = 79) 45,280 73 9,523 01 17 20 
Other industries (п = 80) 53,192 37 16,348 21 09 14 
France (n = 3836) 51,200 06 12,632 30 15 14 
аегтапу (п = 427) 57,259 83 14,236 95 08 08 
The Netherlands (n = 152) 51,901 61 11,462 38 08 07 
United Kingdom (n = 542) 52,148 75 13,348 72 06 09 





Davenport (2001) tests the nomological validity of Hay 
points for sales positions, showing that increasing points 
match the progression of the selling task from basic roles 
(transactional selling) to relationship selling, then to consul- 
tative selling, and finally to value-added selling As these 
Jobs become more challenging, they demand a longer time 
horizon and necessitate multiple, diverse indicators assorted 
to more complex and rigorous customer demands They 
also require more teamwork because salespeople go from 
1ndividual selling to leading sales teams that deal with pur- 
chasing teams 

The Hay index 15 comparable across jobs and firms 
However, it 1s not linear (Sperling 2001) A given position 
can gain an increment only 1f ıt ıs at least 15% more chal- 
lenging than the closest lower job on the grounds that 
smaller differences are not noticeable enough to be mea- 
sured reliably (or appreciated by employees) Although this 
minimum 15% gradient ın measurement could introduce 
convexity into the relationship between Hay points and 
take-home pay, most jobs exhibit linear relationships in 
most firms (Sperling 2001) 

Salespeople’s Hay points range from 104 to 994, and 
managers’ Hay points range from 285 to 997 Managers 
tend to operate in higher ranges of job challenge The aver- 
age number of Hay points 1s 405 for a salesperson and 600 
for a sales manager (Tables 3 and 4) This variable 1s mean 
centered to reduce the correlation between job challenge 
and (job challenge)? 


Ratio of variable to fixed pay We divide the percentage 
of total (1e , gross) cash compensation that 1s variable (set- 
ting the minimum at 01) by the percentage that 1s fixed We 
log this odds ratio, which 1s interpretable as the relative 
emphasis on variable versus fixed, to decrease heteroske- 
dasticity, as Cooper (1993) recommends On average, 1396 
of take-home pay comes from variable pay (implying that 
the average odds ratio would be 13 divided by 87, or 149, 
the average log odds ratio would be the log of 149, or 
—1 90) 


Cost of living We used 2002 comparative price levels 
(Organisation for Economic Co-Operation and Develop- 
ment 2003) These measure price-level differences between 
countries for a representative basket of consumer goods and 
Services 


Employer's tax burden We operationalize corporate tax 
burden by calculating the ratio of corporately paid social 
taxes triggered by variable pay to variable pay itself 


Employer's tax burden — 
(Employer taxes triggered by gross total pay) 
= (Employer taxes triggered by base salary) 

[ (Gross total pay) = (Base salary) | 


This shows how much of variable pay must be matched by 
payroll taxes This is a proxy for the weight of tax burden 
on the employer side and 1s higher їп more burdensome tax 
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TABLE 3 
Summary Statistics and Pairwise Correlations (Salespeople) (n = 14,424) 











M SD 1 2 3 4 5 6 7 8 
1 Take-home pay@ 00 11,135 00 1 
2 Ratio of variable to fixed payb -2 45 139 47 1 
З Job challenges 00 91 92 35 — 18 1 
4 (Job challenge)? 8449 00 14,942 00 18 —04 62 1 
5 Firm sized 6 31 125 11 05 —04 —04 1 
6 Cost of living 96 07 08 -11 —22 — 24 41 1 
7 Excess employee's taxes 00 04 56 35 48 32 -22 -56 1 
8 Employers taxes 31 17 -08 17 — 10 — 10 —19 -56 0 1 
aWe mean-centered this variable by industry 
bWe measured this variable as a natural logarithm 
cWe mean-centered this variable 
dWe measured this variable as the natural logarithm of sales (in millions of euros) 
Notes Correlation coefficients are all significant at p « 0001 
TABLE 4 
Summary Statistics and Pairwise Correlations (Sales Managers) (n = 4957) 

M SD 2 3 4 5 6 7 8 
1 Take-home pay@ 00 12,86200 1 
2 Ratio of variable to fixed 

pay> -2 41 1 30 36 1 

3 Job challenges 00 121 02 47 – 13 1 
4 (Job challenge)2 14,644 00 24,699 00 34 04 57 1 
5 Firm sized 6 10 1 09 07(ns) -—364x10-5(ns) — 025) -05 1 
6 Cost of living 96 04 05 — 29 05 —15 34 1 
7 Excess employee's taxes 00 03 72 34 42 36 -16 -39 1 
8 Employer's taxes 36 16 -15 28 — 13 12 -20 -77 0 1 





aWe mean-centered this variable by industry 
bWe measured this variable as a natural logarithm 
cWe mean-centered this variable 


dWe measured this variable as the natural logarithm of sales (in millions of euros) 
Notes Correlation coefficients are all significant at p « 001 ns = not significant 


regimes By focusing on the proportion triggered after 
salary, we capture the payroll tax brackets into which per- 
formance pay moves an employer 1n a given tax regime 


Employee's tax burden We calculate the proportion of 
taxes employees pay out of their paycheck This 1s a proxy 
for the weight of tax burden on the employee side How- 
ever, because the employer's and employee's tax burdens 
are strongly correlated, we run a regression of the following 
form 


Employee's tax burden = constant 
+ В x (employer's tax burden) 


We do this separately for the field salesperson data and the 
sales manager data 

We then use the residuals of this regression model, 
excess employee's tax burden, in place of the variable 
employee's tax burden to avoid multicollinearity When 
these residuals are positive, on the whole, employee's tax 
burden 1s greater than employer's tax burden, when the 
residuals are negative, on the whole, employee's tax burden 
is lighter than employer's tax burden Consistent with our 
previously discussed logic for the taxation variables, our 
theory predicts that the residuals should have a positive 
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coefficient 1n the (ratio of variable to fixed pay) regression 
equation 


Estimation Procedures for Salespeople 


In line with the hypotheses described previously, we esti- 
mate the parameters of the following model specifications 
for salespeople across countries 6 


(1) Таке-Ноте Pay, = 00 + а Job Challenge, 
+ o5Job Challenge? + оз Ет Size, 
+ o4Cost of Living, 
+ dsin(Ratio of Variable to Fixed Pay,) 


+ £j, and 


6Although the Chow test determined that the coefficients 1n our 
model are not identical 1n country subsamples, we conducted our 
analysis on pooled country data because extensive country analy- 
sis provided evidence that the pattern of coefficients was overall 
consistent across countries Analysis by country suggested differ- 
ences in magnitude but not ın the direction of effects Because our 
purpose 1s to test the significance and direction of effects, we pre- 
sent the results of the cross-country analyses 


(2) In(Ratio of Variable to 
Fixed Pay,) = Во + BiJob Challenge, + ВЕ Size, 
+ B3Excess Employee’s Tax Burden, 
+ B4Employer's Tax Burden, + 2, 
where 


subscript 1 = salesperson or sales manager, 
Take-Home Pay = net pay centered by industry, 
Job Challenge = Hay points (mean centered), 
Firm Size = log of sales, 
Cost of Living = comparative price level index of a 
country, 
In(Ratio of 
Variable to 
Fixed Pay) = log of ratio of variable to fixed com- 
pensation (this variable 1s centered 
by industry when it 1s the dependent 
variable of Equation 2), 
Excess 
Employee’s 
Tax Burden = residual from regression of employ- 
ee’s tax burden on employer’s tax 
burden, and 


TABLE 


Employer’s 

Tax Burden = ratio of corporately paid social taxes 
triggered by variable pay to variable 
pay itself 


Equation 1 specifies pay levels, Equation 2 specifies 
pay structure, and both dependent variables are centered by 
industry As we noted previously, the mean and range of 
sales pay 1s ordinarily industry specific, 1n part because of 
different conditions in different industries We conducted 
extensive subgroup comparisons, which suggest that the 
overall patterns of coefficients within industries differ in 
magnitudes but are comparable 1n signs Our interest 1s 1n 
testing theoretical substantive explanations, thus, for 
abstraction and parsimony, we focus on the effects across 
industries and countries 

Note that 1n these data, the salespeople are nested within 
country, therefore, we sought an analytical procedure to 
represent this structure Note also that a subset of indepen- 
dent variables and observations 1s common to both models, 
thus representing a possibility of correlation between the 
error terms 1n the two equations. Accordingly, we estimated 
hierarchical linear models (HLM, see Luke 2004, Rauden- 
bush and Bryk 2001) to statistically control for the nesting 
and interdependence among the equations and to accommo- 
date individual-level heterogeneity The HLM results 
appear 1n Table 5 


5 


Salespeople’s Compensation Model Parameter Estimates (T-Statistics in Parentheses and Standard 
Errors in Square Brackets): Multilevel Regressions Estimation 





International Companies 
Dependent Variable 
Model 1: Take-Home 


Model 2: Ratio of 


National Companies 
Dependent Variable 
Model 1: Take-Home Model 2: Ratio of 


Раус Variable to Fixed¢ Раус Variable to Fixed¢ 
Job challenge 67* – 30* 47* – 42" 
(49 37) (-20 49) (49 25) (42 98) 
[01] [01] [01] [01] 
(Job challenge)? -11 -05 
(-7 71)“ (-5 35)“ 
[01] [01] 
Firm sizea 2х 10-4 04 7 x 10-3 164* 
(— 02) (274) (77) (18 12) 
[01] [ 02] [01] [01] 
Cost of living 30* 25* 
(26 34) (28 09) 
[01] [01] 
Ratio of variable to fixed> 46 63 
(44 88)* (79 37)* 
[ 01] [01] 
Excess employee’s 53 59 
taxesd (33 80) (60 14) 
[02]* [01]* 
Employer's taxes 24* 16* 
(18 17) (17 89) 
[01] [01] 
R2 48 22 48 33 


*p « 0001 

aWe measured this variable as the natural logarithm of sales 
bWe measured this variable as a natural logarithm 

cWe mean-centered these variables by industry 


dTo avoid multicollinearity, we use this variable in place of the variable employee's tax burden We run a regression of the following form 


Employee's tax burden = constant + B x (employer's tax burden) We use 


the residuals of this regression model, called “excess employee's " 
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To assess confidence 1n the robustness of the results, we 
also analyzed the data with competing techniques. Specifi- 
cally, we estimated the parameters of Equations 1 and 2 
using ordinary least squares (OLS) We also treated the 
models as simultaneous equations in seemingly unrelated 
regressions (SUR) The levels of significance for SUR coef- 
ficients were higher than those for OLS because of the SUR 
model’s efficiency 7 Thus, although we model the data 
accurately with respect to their hierarchical structure and 
present the HLM results, 1t 15 encouraging that the theoreti- 
cal substantive findings hold even when uncovered through 
less sophisticated techniques Finally, we estimate separate 
models for national and international firms, whose compen- 
sation practices may reflect a need to harmonize compensa- 
tion over all the locations 1n which the international firm 
operates (Gooderham, Nordhaug, and Ringdal 1999) 





7Furthermore, we use Breusch and Pagan's (1980) Lagrange- 
multiplier test to check whether the system 1s more efficient than 
single equations and find that it 1s significantly more efficient 
(Ам = 177 11 and 614 97 for salespeople working m international 
and national companies, respectively, distributed as a chi-square 
with 1 degree of freedom [p « 0001]) The estimators in these 
alternative approaches (1 e , separate OLS regressions or the SUR 
system) are comparable (1e, in sign and significance) to those 
presented 1n Table 5 for the HLM model 


Estimation Procedures for Sales Managers 


We use the same procedure described previously to cali- 
brate Models 1 and 2 for the sample of sales managers, 
focusing on and presenting the HLM estimation but also 
exploring and confirming through OLS and SUR Again, 
we carry out the estimation separately for 1nternational and 
national companies. Given that the HLM models statisti- 
cally control for the hierarchical structure of salespeople 
being nested within country, and thus are isomorphic to the 
data structure, we present the HLM estimates of the 
parameters of the two equations 1n Table 6 Again, we con- 
firm the HLM analytics by the results of the OLS and SUR 
approaches 

In addition to these analyses, we performed several 
alternative analyses (1 e , per country) to test the stability of 
our results for both salespeople and sales managers The 
results were substantially similar to those 1n Tables 5 and 6, 
1n both direction and significance of 1mpact 


Results 


Our results for salespeople (Table 5) and sales managers 
(Table 6) are remarkably similar 1n the quahtative nature of 
the effects Furthermore, 1nternational and national compa- 
nies are remarkably similar 1n the nature of effects, though 


TABLE 6 
Sales Managers' Compensation Model Parameter Estimates (T-Statistics in Parentheses and Standard 
Errors in Square Brackets): Multilevel Regressions Estimation 





International Companies 
Dependent Variable 
Model 4: Ratio of 


Model 3: Take-Home 


National Companies 
Dependent Variable 
Model 3: Take-Home Model 4: Ratio of 





Раус Variable to Fixed? Pays Variable to Fixed¢ 
Job challenge 50** — 28“ 48“ – 31“ 
(25 96) (-14 89) (25 65) (-15 65) 
[02] [02] [02] 
(Job challenge)? 07 06 
(3 68)** (8 36)* 
[ 02] [ 02] 
Firm sizea 04 14** 02 19** 
(2 85) (7 65) (1 01) (6 37) 
[ 01] [ 02] [ 02] [ 02] 
Cost of living 12** 16“ 
(671) (797) 
[02] [02] 
Ratio of variable to 40 51 
fixedb (25 66)** (80 78)** 
[ 02] [ 02] 
Excess employee’s 47 56 
taxesd (24 42) (27 74) 
[02] [02] 
Employer's taxes 30** 27* 
(16 66) (14 91) 
[ 02] [02] 
R2 49 28 45 32 
*p « 001 
**p < 0001 


aWe measured this variable as the natural logarithm of sales 

bWe measured this variable as a natural logarithm 

cWe mean-centered these variables by industry 

dTo avoid multicollinearity, we use this variable in place of the variable employee's tax burden We run a regression of the following form 
Employee's tax burden - constant -- B x (employer's tax burden) We use the residuals of this regression model, called "excess employee's " 
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the magnitudes vary We discuss each of the hypothesis 
tests 1n turn 

Our parsimonious model of net pay level and variable 
pay usage yields four systems of equations (international 
and national firms, each for managers and salespeople) 
Model variance explained 1s respectable, ranging from 22% 
to 49% The results conform overall to the hypotheses We 
turn now to how job challenge operates for different take- 
home-pay levels We postulate that the level of take-home 
pay increases at a higher rate with job challenge for sales 
managers than for salespeople (H,) To test for the equality 
of job challenge and (job challenge)? coefficients across the 
salespeople and sales manager models, we perform Chow 
(1960) tests The tests reyect the null hypotheses (at 0001 
significance), thus, the beta coefficients change across sub- 
samples (Fa, 11468) = 3444 80 and Fa, 7909) = 1669 26 for 
job challenge in national and international firms, respec- 
tively, Fa, 11468) = 543 45 and Fa, 7909) = 438 44 for [job 
challenge]? ın national and international firms, respec- 
tively) Then, we take the first derivative of each model (1 е, 
for salespeople and sales managers) and calculate the job 
challenge level, where the slope for the sales manager 
model 1s higher than that for the salespeople model We find 
that when a sales manager’s job challenge level 15 higher 
than 575 Hay points (which holds for 52% of the sales 
manager sample), the marginal compensation for the sales 
manager 1s higher than that for the field salesperson 8 With 
a mean of 600 points (SD = 146), many managers operate 
in a much higher zone of Hay points than most sales- 
people (М = 405 points, SD = 121) Thus, H, 1s marginally 
supported 

Next, we turn to the 1mpact of job challenge on the frac- 
tion of variable pay in the employee’s paycheck (calculated 
before taxes) Н» posits that a lower fraction of pay 1s based 
on objective performance indicators and awarded in 
variable pay (and thus, salary 1s a higher fraction of total 
pay) as jobs become increasingly challenging Our results 
support these hypotheses for both sales managers and sales- 
people 10 either national or international firms 9 

We hypothesize that firms emphasize variable pay more 
1n pay packages as tax regimes become more burdensome at 
either the salesperson level (H3) or the employer level (Н,) 
On the employee side (H3), the more pay employees give 
over to taxes, the more burdensome the tax system is The 
empirical evidence shows that burdensome tax regimes оп 
the employee side indeed drive firms to base more of the 
paycheck on variable pay, thus, our empirical results sup- 
port our prediction for Нз for both types of firms and both 


8We thank an anonymous reviewer for suggesting this line of 
argument 

9A rival explanation for these findings 1s that firms reward not 
the job but rather the jobholder and that challenging jobs are 
staffed by people with high levels of human capital For the sales 
occupation, two commonly used indicators of human capital are 
job tenure and age We tested this rival explanation on the French 
data by including job tenure and age in the models without job 
challenge The results show that when job tenure and age replace 
Job challenge, the explained variance drops sharply Therefore, we 
surmise that firms appear not to use cues such as demographics to 
fill sales jobs 


types of sales professionals On the employer side (H4), we 
hypothesize that as increasing pay forces employers to 
assume higher payroll tax burdens, firms respond by 
1ncreasing their reliance on variable pay to fill out the pay- 
check In other words, firms 1n burdensome systems easily 
enter into zones of high payroll taxes They prefer to do so 
when the customer generates results rather than relying on 
sales managers to award salary The results support H4 for 
both salespeople and sales managers ın both national or 
international companies 

Finally, H; postulates that pay structure and pay level 
should be studied together, our empirical results bear this 
out as well Take-home pay rises significantly with the frac- 
tion of pay that ıs variable for any type of company and for 
both sales managers and salespeople 

Beyond our stated hypotheses, most of our baseline 
influences also operate as expected As we noted previ- 
ously, the national/international nature of the company and 
the type of 1ndustry play roles 1n terms of magnitude of 
effects Firms offer more take-home pay 1n countries with 
higher costs of living Surprisingly, there ıs no difference 
between larger and smaller firms 1n terms of take-home pay 
to salespeople or sales managers Finally, the larger the 
firm, the higher 1s the fraction of pay that 1s variable for 
both salespeople (in national firms) and sales managers (ın 
both national and international firms) 


Discussion and Managerial 
Implications 

Our results show that the realized pay levels and structures 
of more than 18,000 people 1n B2B field sales roles reflect 
an apparent balancing of two conflicting pressures the eco- 
nomic imperative (to reward better performers by heighten- 
ing pay dispersion) and the compensation differential com- 
pression resulting from high tax regimes 

Our findings (e g , the higher pay levels in higher cost- 
of-living countries) are consistent with the hypothesis that 
firms target take-home pay Our results further suggest that 
firms adapt to the tax environment to make sure that not just 
pretax pay but also posttax pay rewards differentials 1п рег- 
formance ın a meaningful way Compensation research, 
though copious, 1s almost exclusively conducted within a 
single country, usually ın North America Cross-country 
comparisons are rare (Werner and Ward 2004) Tax consid- 
erations do not enter into single-country studies Our setting 
allows for a rare examination of how international consider- 
ations drive compensation Notably, our results offer strong 
support for agency-theoretic and management theory—based 
predictions about the effect of tax burdens on optimal 
compensation 

Our results indicate that the effect of job challenge on 
take-home pay for field sales 1s positive (for graphic repre- 
sentations, see the Web Appendix at http //www marketing 
power com/jmnov09) At some point, salespeople whose 
tasks become more challenging (1e, with higher levels of 
Hay points) may be promoted (1nto sales management jobs) 
rather than paid more as field salespeople, our results show 
that organizations pay more to motivate people to take 
higher-level sales jobs Our results also indicate that job 
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demands are not a surrogate for human capital, the correla- 
tions between features of the individual and demands of 
the job are small This murors O'Shaughnessy, Levine, and 
Cappelli (2001), who study more than 50,000 managerial 
and professional jobs They also use Hay points to measure 
Job design and find (p 20) that Hay points offer “а far more 
complete measure of skill and job requirements than those 
used in the past to explain wage outcomes” 

Our analysis finds that the structure of pay influences 
the level of pay Sales personnel cannot achieve the highest 
levels of net pay on salary alone Overall, the greater the 
proportion of pay that 1s variable, the higher 1s the level of 
net pay In other words, volatility 1s one price of high take- 
home pay In this way, firms both autofund high pay and 
reduce their risk of overpaying salespeople who fail to 
achieve This supports agency theory’s contention that 
variable pay solves many incentive problems 

However, vanable pay 15 not a panacea We find that, all 
else being equal, firms rely proportionately less on variable 
pay for both field salespeople and sales managers for jobs 
that are more challenging A likely explanation 1s that even 
for the sales profession, performance becomes difficult to 
observe (1e, specify and monitor in a timely way) as job 
challenge increases Therefore, firms rely proportionately 
more on salary under these conditions This creates a ten- 
sion Firms use some variable pay to achieve high take- 
home-pay levels, but they are obliged to control the overall 
reliance on variable pay for high-challenge jobs, all else 
being equal 

However, all else 1s not equal when the differential bur- 
den imposed by different countries’ tax regimes 1s consid- 
ered Our analysis shows that, on the margin, more burden- 
some tax regimes drive firms to offer higher levels of 
variable pay Without a suitably strong incentive for perfor- 
mance, sales personnel in highly burdensome tax regimes 
might wonder whether the paycheck 1s worth their effort 
because in these tax regimes, posttax income differentials 
can be compressed to levels that leave employees wonder- 
ing why they should work harder (Gottschalk and Smeeding 
1997) Our findings suggest that firms can combat this loss 
of motivation by pushing down salary and/or increasing 
variable pay This 1s a way to reduce the high cost of taxes 
paid on low performers by basing more of a salesperson’s 
remuneration on sales results This practice widens the 
gap—artificially reduced through taxes—between low and 
high sales performers 10 

Another noteworthy finding 1s that larger B2B compa- 
nies in Europe tend to rely more on variable pay (for sales- 
people 1n national firms and for sales managers in either 
national or international firms) Reliance on variable pay 


10For example, Segalla and colleagues (2006), who study com- 
pensation preferences of sales managers for salespeople, find that 
managers from Germany (1e , a high-tax-burden country) are less 
likely than managers from Anglo-Saxon countries (where taxes are 
lower) to favor incentive compensation However, the tax regime 
drives firms to pay for performance Ironically, ın a national cul- 
ture with a stronger desire for uncertainty avoidance, this pay 
structure itself creates uncertainty for sales personnel 
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may be explained by the governance costs of making and 
defending salary judgments on a large scale, as suggested 
by prior studies 1n the United States (John and Weitz 1989) 

An issue potentially more fundamental than how to 
compensate salespeople 1s how to compensate sales man- 
agers Across the board, the message seems to be clear As 
managerial performance 1s multiplied through salespeople's 
performance, the sales manager's role 1s critical to the suc- 
cess of the firm More bluntly, a bad salesperson may lose a 
few of his or her sales, but a bad sales manager may nega- 
tively affect dozens or even hundreds of salespeople Our 
results show that sales managers, much like chief executive 
officers, can have an 1mportant multiplier effect that justi- 
fies paying them at increasing rates as Job challenge rises 
Moreover, because they have more challenging jobs, they 
should be rewarded with higher salaries 


Managerial Implications for Firms!! 


The findings have important implications for decision mak- 
ers, who, according to a recent survey (Deloitte and Oracle 
2008), report (1) managing sales representatives 1n multiple 
countries (5296 of the respondents), (2) being dissatisfied 
with their sales compensation program (only 4196 of the 
respondents are satisfied or very satisfied), and (3) conduct- 
ing a compensation plan review at least annually (7796 of 
the respondents) Thus, providing insights into the design of 
compensation plans in the global arena appears to be of 
strategic importance 

The compensation actions that decision makers of firms 
moving to Europe should take depend on how high the tax 
regime ıs For example, ıt 1s inadvisable for US firms to 
transfer their sales force compensation plan structures to 
Europe In the United States, a married salesperson with 
two dependent children and earning the equivalent of 
€50,000 takes home approximately 85% of his or her total 
paycheck after social charges and income tax The corre- 
sponding amount in Europe is approximately 70% For a 
total paycheck of €100,000, US salespeople get to keep 
approximately 80% of their earnings, whereas some of their 
European counterparts keep only 55% We offer a relatively 
simple solution to decision makers Decrease the sales 
force’s fixed salary in high-tax countries and/or favor incen- 
tive compensation For example, the ratio of variable to 
fixed salary of a French salesperson working 1n the indus- 
trial goods sector for an annual compensation of approxi- 
mately €50,000 1s typically set by local firms at 20% In the 
United Kingdom, where the tax burden 1s lighter, the corre- 
sponding ratio 1s lower (1e , at 11%) 

The need for firms to deal with tax policy discrepancies 
across national boundaries ıs also evident when compen- 
sating sales managers Again, we offer an easy solution to 
decision makers who wonder how to compensate sales 
managers Decrease the ratio of variable to fixed pay as 
they become more and more valuable For example, the 





ПҸе argue that firms act optimally in the aggregate (though 
individual firms may act suboptimally) We thank Ајау Kohli for 
this insightful comment 


ratio of variable to fixed compensation of a sales manager 
whose job challenge 1s evaluated at 650 Hay pomts (eg, 
who carries moderate supervisory responsibilities) should 
be higher than that of a sales manager whose job challenge 
15 evaluated at 750 Hay points (e g, who 15 ın charge of 
a major national team within an industry segment) In 
the financial sector, for example, our data show that such 
ratios are typically set at 8% and 4% for the two roles, 
respectively 


Implications for Salespeople 


Sales professionals transferred to a high tax regime need to 
be aware of the total cost of their compensation to their 
employer (1e, including social charges) For example, the 
social taxes for a European employer of the salespeople 
described previously in the €50,000 or the €100,000 range 
can represent as much as 50% of gross total pay That cost 
is likely to drive employers to offer compensation plans 
with a higher ratio of variable pay to salary If salespeople 
resist such decisions successfully (eg, through labor 
actions), they are put at risks for continued employment 1n 
the case of a market downturn 

Of further importance to salespeople 15 the career moves 
they should make Again, we offer a relatively simple solu- 
tion to them Take into account how challenging the job 1s 
When the job becomes more strategic and accountable and 
evolves from consultative, value-added selling (1e, a job 
challenge level equal to approximately 570 Hay points) to 
senior relationship manager (1 е, involving strong system 
understanding and focus, implying a job challenge level 
equal to 700 Hay points), salespeople are better off 1n sales 
management roles (1e , leading and coordinating efforts of 
other salespeople, with a job challenge level also equal to 
700 Hay points) In a consumer goods industry, their corre- 
sponding take-home pay 1s likely to be approximately 1196 
higher for a sales management than a selling job 


Limitations and Conclusions 


This study has its limitations. Pay 1s a complex phenome- 
non, driven by many considerations and subject to path 
dependence Ours 15 a parsimonious, cross-sectional, as-if 
model 1n only five countries Our measures, which come 
from multiple sources, are approximate (e g , we use a pro- 
totypical salesperson tax rate), and the sampled firms may 
not be wholly representative of B2B firms, even 1n Western 
Europe By using better measures or expanding the investi- 
gation to other types of benefits, further research could 
yield more insights and establish the validity of the mecha- 
nisms proposed here In addition, although the Hay measure 
of job challenge 1s widely used ın various industrial sectors 
throughout Europe, a study that includes a broader spec- 
trum of job challenge measures would enable researchers to 
test the generalizability of our findings Nevertheless, our 
study is the first sales compensation study to examine the 
sales (or sales manager) requirements at a micro level rather 
than the average person filling the selling job (eg, age, 
education) as other studies in the sales force compensation 
arena have done 

Taken together, these findings suggest that an optimal 
(first-best) compensation plan may not be feasible The fun- 
damental compensation challenge 1n B2B field selling 1s to 
reward better efforts and higher ability in the face of an 
uncertain relationship between the salesperson's (or sales 
manager's) inputs and the customer-mediated outputs If we 
factor in high 1ncome taxes, the pretax pay distinctions nec- 
essary to leave motivating sums 1n employee bank accounts 
become large Our results suggest that managers use "the 
voice of the market" by weighting variable pay more heav- 
ily in the total pay package to meet this challenge—an 
important concern that deserves further scrutiny by scholars 
of sales force management 
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Chezy Ofir, Itamar Simonson, & Song-Oh Yoon 


The Robustness of the Effects of 
Consumers' Participation in Market 
Research: The Case of Service 
Quality Evaluations 


The authors propose that participation in market research can determine consumers’ experiences with and 
evaluations of marketing services/products Building on and extending a prior finding that expectation to evaluate a 
service (or product) leads to more negative evaluations, this research investigates the robustness, process, and 
consequences of asking consumers to form evaluations of services/products The results of several field studies 
(conducted in Israel, Korea, and the United States) show that (1) the effect of expecting to evaluate on the service 
provider's performance evaluation is enduring and lasts beyond the immediate aftermath of the service encounter, 
(2) the effect of study participation on the perception of marketers reflects true perceptual change rather than 
“made-up” perceptions—it requires supporting evidence and is eliminated if. cognitive load interferes in the 
production of that evidence, and (3) the robust bias produced by expecting to evaluate cannot be eliminated by 
causing participants to consider the task effect on their evaluations or the impact of their feedback on the evaluated 
marketers The authors discuss the broader implications of this research for understanding the impact of 
participation in market research on consumers’ experiences and inputs 


Keywords market research, service expectations, customer satisfaction, task effects, consumer experience 


btamning customer input 1s the main task of market vices, design more effective advertisements) Regardless of 
О and 15 essential for the development of whether customers receive monetary compensation for their 

effective marketing strategies Thus, marketers use time and input, ıt ıs reasonable to assume that, ın general, 
various research techniques to find out how customers eval- they try to be helpful and provide useful inputs 
uate service quality and satisfaction, the importance of There are positive aspects to consumers’ desire to be 
attributes, and how consumers’ brand perceptions change helpful However, such a cooperative tendency also means 
over time At the same time, managers are often skeptical of that consumers’/respondents’ perceptions of what their role 
the value of consumer studies and whether the firm should 15 and what being helpful entails might be key determinants 
revise 1ts current strategies, offerings, and communications of how they perform their task Even more important, the 
program on the basis of consumers' evaluations and feed- mere participation 1n market research while or before expe- 
back A key goal of the current research 1s to assist man- riencing a product/service can affect customers' experiences 
agers and marketing researchers 1n understanding the fac- and subsequent satisfaction (eg, Dholakia and Morwitz 


tors that determine the validity of research findings and the 2002, Mandel and Nowlis 2008, Morwitz, Johnson, and 
limitations of the data produced by the answers consumers Schmuttlein 1993, Ofir and Simonson 2001, 2007) 


provide to survey questions, in general, and questions Although prior research has illustrated that participation 
regarding customer satisfaction, 1n particular in market research can affect consumers’ perceptions, little 

When providing feedback to marketers, customers 18 known about the robustness, underlying mechanisms, and 
might be aware that the researchers are trying to learn from boundaries of these effects Furthermore, a question that 
their responses and are using the information they provide naturally arises 1s whether marketing researchers can con- 
to improve performance (e g , offer better products and ser- trol or eliminate such unintended effects of participation in 


studies on consumers’ perceptions and evaluations by alert- 
ing them to the possibility that the mere performance of a 
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be asked to evaluate a service provider, they tend to evaluate 
the service more negatively, thus misrepresenting the true 
satisfaction of other customers (Ofir and Simonson 2001) 


© 2009, American Marketing Association Journal of Marketing 
ISSN 0022-2429 (print), 1547-7185 (electronic) 105 Vol. 73 (November 2009), 105-114 


We use this finding to gain a broader understanding of 
the problems that may arise by asking customers to provide 
feedback and inform marketers, and we examine whether 
such undesirable consequences of market research dissipate 
over time and can be eliminated by revising task instruc- 
tions The results of several field studies (1n Israel, Korea, 
and the United States) show that (1) the negative effect of 
expecting to evaluate on the service provider's evaluation 1s 
enduring and lasts beyond the immediate aftermath of the 
service encounter, (2) the effect of study participation on 
the perception of marketers reflects true rather than “made- 
up" perceptions—át requires supporting evidence and 15 
eliminated if cognitive load interferes in the production of 
that evidence, and (3) the robust bias produced by expecting 
to evaluate cannot be eliminated by causing participants to 
consider the task effect on their perceptions or the impact of 
their feedback on the evaluated marketers We discuss the 
theoretical implications of the findings with respect to use 
of market research and interpretation of consumers’ inputs 
to marketers 


The Effect of Participation in 
Market Research on Service 
Evaluations: Duration, Boundaries, 
and Underlying Process 


A great deal of research in both psychology and marketing 
has examined the role and consequences of demand charac- 
teristics and demand artifacts (е в, Orne 1962) Much of 
this research has focused on experimental findings, espe- 
cially the impact of such effects on the internal validity and 
generalizability of laboratory studies However, the notion 
that experimental tasks and related cues may influence sub- 
sequent perceptions and behavior is not limited to lab 
experiments and the familiar demand effects, they may also 
apply to forms of actual market research and other con- 
sumer initiatives (e g, Sherman 1980) For example, cus- 
tomers who are shown an advertisement for a new product 
and asked if they intend to buy it may, in some cases, 
assume that they are expected to respond favorably to the 
advertised product, in turn, this may affect their true evalua- 
tions of the evaluated new products 

Such effects of participation 1n. market research can 
have a major impact on consumer behavior, regardless of 
whether consumers have well-defined hypotheses regarding 
their research roles Even when there are no prior research 
hypotheses and/or respondents discern the wrong hypothe- 
ses, demand biases may be produced as long as respondents 
act on what they believe to be the research hypotheses or 
the purpose of the study Furthermore, whereas guessing the 
precise hypothesis may often be difficult, participants in 
customer research and many other studies can have general 
notions about what certain tasks entail (е g , paying close 
attention to details) In particular, when asked for their 
inputs regarding the performance of marketers and the ser- 
vices or products they offer, respondents will try to get 
ready and be prepared to provide well-reasoned, construc- 
tive feedback 
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In this research, we examine the 1mpact of a common 
customer research task Іп which a consumer 1s told in 
advance to evaluate a service provider and then subse- 
quently provides his or her feedback (Ofir and Simonson 
2001) Considering the importance of delighting customers 
and enhancing customer loyalty, marketers routinely mea- 
sure customers’ service evaluations and satisfaction Fur- 
thermore, 1n many cases, customers know 1n advance that 
they will be asked to evaluate, either based on prior experi- 
ence or because they receive the evaluation form at the 
beginning of the service encounter (e g , when checking 1n 
to a hotel) 

When told before a service encounter about an upcom- 
ing evaluation task, many consumers are likely to expect 
that they should provide constructive suggestions for 
improvement Merely reporting that “everything is fine" 
may be viewed as not doing a proper job and taking the 
easy way out Conversely, identifying areas that need 
improvement can (1) help enhance marketers’ performance 
and (2) provide the customer's point of view to a marketer 
and/or to customer researchers regarding issues or areas in 
which customers expect better performance Indeed, most 
participants 1n a pilot study with 25 supermarket shoppers, 
who were asked about the purpose of providing store 
evaluations, referred to service improvement aspects 
(details of this pilot study are available on request) 

Customers who believe that they should identify defi- 
ciencies may be more inclined, perhaps unconsciously, to 
look for problems during the service encounter and to make 
sure they have something to say and are able to support and 
illustrate their feedback In other words, to fulfill their role, 
such customers may look for negative aspects Such a 
process might be unconscious, as 1s typically implied by the 
notion of motivated reasoning (Kunda 1990), or conscious, 
when respondents are aware of both their search for things 
to 1mprove and their resulting focus on negative perfor- 
mance aspects 

Ofir and Simonson (2001) show that expectation to 
evaluate a service or product produces more negative 
evaluations, which reflects the internalization of respon- 
dents’ perceived role, referred to as “negativity enhance- 
ment" (1e, the prominence of negative information), and 
their "role expectations " However, this prior research does 
not address questions that are particularly 1mportant for our 
understanding of the impact of marketing research, in gen- 
eral, and service evaluations, in particular, on consumers' 
experiences and perceptions Specifically, prior research 
does not enable us to determine whether the apparent 
prominence of negative aspects reflects real changes 1n con- 
sumers' perceptions of service providers In particular, true 
changes 1n perceptions, rather than mere transient artifacts, 
imply that the negative evaluations associated with expect- 
ing to evaluate will persist well beyond the research context 
and could be observed even several days or weeks follow- 
ing the service experience This question 1s 1mportant for 
marketers because a lasting effect would indicate that the 
harm created by participation 1n market research can influ- 
ence long-term relationships with customers 

It 1s also 1mportant to determine whether the negative 
bias of (expected) service evaluations can be eliminated by 


revising the task Specifically, 1t might be possible to 
decrease the bias produced by participation in market 
research by alerting consumers to the notion that expecting 
to evaluate may affect their evaluations The success of such 
a debiasing manipulation ıs far from certain Especially if 
the bias produced by participation ın market research 1s 
unconscious, eliminating it 1s likely to be challenging when 
consumers are unaware that they judge the service provider 
more negatively simply because they were asked to provide 
their evaluation Conversely, 1f consumers recognize that 
they tend to be too critical, the mere mention of such task 
effects may diminish the resulting bias 

Our assumption 1s that though market research partici- 
pants try to be helpful and to offer constructive feedback, 
they are unlikely to fabricate or make up evidence when 
none exists That 15, although expecting to evaluate leads 
consumers to pay more attention to negative service aspects 
(Ofir and Simonson 2001), they are unlikely to recognize 
that this negative focus is due to their task (e g , Nisbett and 
Wilson 1977) Accordingly, customers are less likely to 
report more negative evaluations 1f their ability to support 
such evaluations 1s constrained (е g , 1f they are under cog- 
nitive load), and we do not expect them to mampulate the 
valence of information to fit their presumed task 

In summary, we predict that the negative effect of 
expecting to evaluate will endure beyond the immediate 
aftermath of the service encounter and be resistant to cor- 
rection or debiasing Furthermore, consistent with the 
assumption that the more negative (expected) evaluations 
are based on the actual perceptions created during service 
evaluations, when consumers lack the cognitive resources 
needed to perform the task and gather (mostly negative) evi- 
dence, the negative bias of expected evaluations will be less 
pronounced In addition, we predict that the negative bias of 
expected evaluations will be resistant to change The fol- 
lowing hypotheses summarize our predictions 


H; The negative effect of expecting to evaluate on service 
evaluations extends beyond the rmmmediate aftermath of 
the service encounter 


H, Restricting the cognitive resources during the service 
encounter decreases the impact of expecting to evaluate 
on evaluations 

H4 The negative effect of expecting to evaluate on service 
evaluations persists even after survey participants are 
alerted to a possible task effect, only explicit information 
regarding the bias produced by the task decreases the 
effect 


In Study 1, we test Ну by examining whether partici- 
pants who expect to evaluate a store still hold more negative 
evaluations of that store after the service encounter In 
Study 2, we test H, by contrasting the effect of expecting to 
evaluate under normal conditions with the effect of expect- 
ing to evaluate under a cognitive-load condition Finally, in 
Study 3, we test H4 by examining the effect of (1) asking 
respondents to consider whether there 1s an effect of expect- 
ing to evaluate and what that effect might be and (2) 
informing them about the negative effect of expecting to 
evaluate 


Study 1: Does the Negative Effect 
of Expecting to Evaluate Extend 
Beyond the Service Encounter? 


Although prior research has established that expectation to 
evaluate generates more negative service evaluations 1mme- 
diately after the experience (Ofir and Simonson 2001), we 
still do not know whether that effect lasts beyond the ser- 
vice encounter and has longer-term implications Beyond its 
practical implications, this question 1s important from a 
theoretical perspective because 1t can provide information 
as to whether the negative bias of expected evaluations 1s 
genuine and reflects true evaluations or whether it 1s merely 
a short-term effect that does not reflect true changes in 
internal representation of the service experience То exam- 
ine this question, in Study 1, we varied both the task condi- 
tion (expecting to evaluate or not expecting) and the timing 
of the postservice evaluation (both immediately after the 
shopping experience and again 4—5 days later or just 4—5 
days later) This design enabled us to determine the robust- 
ness of the negative bias of expected evaluations 


Method 


The respondents were 120 consumers who were inter- 
viewed immediately after shopping at a supermarket and/or 
4—5 days after shopping at that supermarket They were ran- 
domly assigned to one of four conditions (n = 30 per 
group), including two experimental groups and two control 
groups Shoppers assigned to the two experimental condi- 
tions were informed before entering the supermarket that 
they would later be asked several questions about customer 
service In one experimental group (Condition 1), con- 
sumers were interviewed 1mmediately after their shopping 
trip and again, by telephone, 4—5 days later In the second 
experimental group (Condition 2), consumers were inter- 
viewed by telephone only once, 4—5 days after shopping 
Respondents 1n the control groups were not 1nformed about 
the upcoming evaluation task before entering the store and 
were interviewed either 1mmediately after fimshing their 
shopping (Condition 3) or 4—5 days later (Condition 4) As 
we explain subsequently, these control groups enabled us to 
test two rival accounts for the results (1) that more negative 
delayed evaluations were produced by expressing more 
negative evaluations unmediately after shopping and (2) 
that the more negative evaluations reflected the delay rather 
than the effect of expecting to evaluate 

We used the same questionnaire in all four groups 
Specifically, we included the following measures (1) listing 
of thoughts that come to mind while shopping at the store, 
(2) six stems. pertaining to service, including employee 
courtesy, employee willingness to help, professionalism of 
employees, waiting time, convenience 1n shopping, and 
quality of service, (3) two overall satisfaction 1tems, satis- 
faction with the shopping trip and satisfaction with the ser- 
vice, and (4) intention to recommend the store to friends 
(all measures, except for thought listing, used seven-point 
scales) As a manipulation check, we also asked respon- 
dents 1f they had expected to be interviewed about their ser- 
vice experience at the store 
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Results 


As we expected, respondents ın the two control groups did 
not expect to be questioned about their supermarket exper- 
ence (average ratings 1n both groups were under 1 5 on a 
seven-point scale), whereas those in the expected- 
evaluation groups did expect to be questioned (average rat- 
ings were greater than 6) 

As Table 1 shows and consistent with prior research, the 
evaluations of participants who expected to evaluate and 
were interviewed immediately after shopping were signifi- 
cantly lower than the evaluations of those in the control 
group (for the combined service measure Мв = 472 
versus Мсопо = 5 37, t(58) = 4 39, p < 0001, for the com- 
bined satisfaction measure Mexpect = 4 58 versus Mcontrol = 
5 35, t(58) = 309, p < 003, and for recommendation 
Mexpect = 4 60 versus Meontrot = 5 13, t(58) = 1 96, p < 05) 

Moreover, the service evaluations and likelihood of rec- 
ommendation by the same respondents (1 е, Condition 1) 
after a delay of 4—5 days were significantly lower than their 
own evaluations immediately after shopping (for the service 
index M = 4 14, ратед- 29) = 5 63, p < 0001, for recom- 
mendation M = 4 20, patred-t(29) = 2 35, p < 03) Further- 
more, the difference between the number of positive and the 
number of negative recalled aspects of the visit also indi- 
cated an evaluation deterioration over time. (Mp = -1 07 
versus Муптефаје = — 77, patred-t(29) = 2 07, р < 05) The 
overall satisfaction index was (lower but) not significantly 
lower after 4—5 days of delay (Mpelay = 435 versus 
Mimmedate = 4 58, t(29) = 137, р> 1) 

Next, we tested two rival accounts First, 1t ıs possible 
that the negative delayed evaluations were produced by the 
more negative immediate (postshopping) evaluations of 
participants who had expected to evaluate However, the 
evaluations of those in a second experimental group, who 
expected to evaluate but were interviewed only 4–5 days 
after shopping, were statistically 1ndistinguishable from the 
evaluations of those who expected to evaluate and were 
interviewed at both times (see Table 1) (for service 
[delayed] Mpoelay after immediate = 4 14 versus Mpelay only = 
4 04, t(87) < 1, for satisfaction [delayed] Mpelay after immedi- 
ate = 4 35 versus Mpelay опу = 4 27, t(87) < 1, for recom- 
mendation [delayed] Mpelay after immediate = 420 versus 


Mhelay only = 4 00, t(87) < 1, and for the recall measure 
Delay after immediate = —1 07 versus Mpelay only = —1 03, 
t(87) < 1) 

Second, a rival account for the more negative delayed 
evaluations 15 that they reflect the delay rather than the 
effect of expecting to evaluate However, the evaluations of 
participants ın the delayed-evaluation control group were 
significantly more positive than the evaluations of those in 
both expected-evaluation (delayed experimental) groups 
(see Table 1) Because delayed evaluations in Conditions 1 
and 2 were virtually identical and not significantly different, 
we averaged and compared them with the delayed evalua- 
tions of the control (Condition 4) (for service t(87) = 8 59, 
p « 001, for satisfaction t(87) = 6 33, p < 001, and for гес- 
ommending the store t(87) = 6 74, p < 001) 


Discussion 


The results of Study 1 show that the (negative) effect of 
expecting to evaluate on subsequent evaluations lasts 
beyond the service encounter and has a longer-term effect 
of consumers’ perceptions Indeed, though tentative and 
requiring replication, the results indicate that the negative 
effect may even become stronger after time has passed This 
finding 1s consistent with findings 1n prior research showing 
an increase 1n the extremity of attitude over a duration of 
time, which provides an opportunity to process evidence 
consistent with the initial attitude (Sadler and Tesser 1973, 
Tesser and Conlee 1975) 

The temporal robustness of the effect of expecting to 
evaluate suggests that the resulting (more negative) evalua- 
tions reflect true changes 1п the internal representation of 
the store experience rather than an attempt to fulfill a pre- 
conceived evaluation role In particular, expecting to evalu- 
ate the store’s service appears to change a consumer’s 
actual shopping experience and to promote a more thorough 
evaluation process, which might account for the stable 
effect on evaluations If this conjecture 1s correct, we would 
expect conditions that limit the shoppers’ ability to evaluate 
to reduce the effect of expecting to evaluate on evaluations 
We test this prediction in Study 2 using cognitive load to 
control the available cognitive resources (Drolet, Luce, and 
Simonson 2009, Ward and Mann 2000) 


TABLE 1 
Study 1 Means 
иннаа аа: Se 
Expected 
Evaluations: 
Immediate and 


Expected 


Evaluations: Only Control: Immediate Control: Delayed 


Delayed Evaluations Delayed Evaluations Evaluations Evaluations 
(Condition 1) (Condition 2) (Condition 3) (Condition 4) 
Service index (1—7) 472 — 414 404 537 535 
Satisfaction index (1–7) 458 5435 427 5 35 5 33 
Recommendation (1–7) 460 > 4 20 400 5 13 5 30 
Recall index number of 
positive aspects — 
number of negative 
aspects – 77 — –1 07 -1 03 03 – 27 
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Study 2: Using Cognitive Load 
Timing to Test the Process 
Underlying the Effect of Market 
Research on Consumers’ Service 
Evaluations 


A question that arises 1s whether the expectation to evaluate 
creates a desire to report more negative (and constructive) 
evaluations and whether consumers report such negative 
evaluations regardless of the actual information or evidence 
they gather about the service at issue That 1s, because con- 
sumers who expect to evaluate are determined to be con- 
structively negative, they will find something negative to 
report regardless of the actual evidence they collect Alter- 
natively, it 1s possible that reporting negative evaluations 
requires supporting evidence, and a failure to collect such 
evidence will diminish the tendency to be more negative 
We examine this question in Study 2 using a manipulation 
of cognitive load (Drolet and Luce 2004, Drolet, Luce, and 
Simonson 2009) 

We examine the effect of cognitive load that 1s applied 
either before or after the evaluation task 1s performed 
Specifically, 1n addition to the standard expected-evaluation 
and control groups, some supermarket shoppers were asked 
to recall product names either before entering the store 
(after being told about the evaluation task) or immediately 
after shopping (before reporting their evaluations) We 
expected that imposing cognitive load before shopping 
would constrain consumers’ ability to gather the negative 
evidence necessary for supporting negative evaluations If 
such evaluations are reported only when pertinent evidence 
is gathered online, the cognitive load will diminish or elimi- 
nate the effect of expecting to evaluate 

However, even if cognitive load mitigates such negative 
evaluations, 1t may still have a neutralizing effect for other 
reasons, such as a more general effect of distraction, even 
without influencing the ability to gather (negative) evidence 
during the shopping experience Accordingly, we contrasted 
the effect of cognitive load before entering a supermarket 
with the same cognitive-load manipulation that occurs 
immediately after exiting the supermarket but before the 
evaluation task 


Method 


Participants were 120 supermarket shoppers, who recetved 
no compensation They were randomly assigned to one of 
four conditions The expected-evaluation group was 
informed of the upcoming service evaluation task before 
they entered the store, whereas the control group was not 
Respondents 1n the cognitive-load-before-shopping group 
were also informed of the upcoming evaluation task How- 
ever, they were then told that they would be participating in 
a second, unrelated study that examined people’s ability to 
recall product names These respondents were then given a 
munute and a half to memorize nine brand-product names, 
and their recall was tested after they exited the store and 
completed all other measures Respondents assigned to the 
cognitive-load-after-shopping group were informed of the 
upcoming evaluation task before they entered the store and 


then completed their shopping visit When exiting the store, 
they were informed of a second, unrelated product recall 
study and were asked to memorize the same nine names 
(followed by the store evaluation task) Thus, all four 
groups of respondents—control, expected evaluation, cog- 
nitive load before shopping, and cognitive load after shop- 
ping—were interviewed immediately after they existed the 
store 

Specifically, respondents were asked to rate the super- 
market on nine dimensions, all on seven-point scales Six 
items assessed specific dimensions of service quahty, 
including politeness of store employees, employees’ will- 
ingness to assist shoppers, employees’ professionalism, 
length of wait at the checkout, convenience of product dis- 
play, and level of service (Cronbach's « = 75) Two items 
measured satisfaction—overall satisfaction with the service 
and overall satisfaction with the shopping visit (r = 86, p < 
0001)—and one item asked participants about their likeli- 
hood to recommend the store to friends Respondents were 
also asked whether, while shopping at the store, they paid 
more attention to positive (7) or negative (1) aspects A 
manipulation check confirmed that those in the control 
group did not expect to be interviewed after shopping (M = 
1 4 on a seven-point scale), whereas those 1n the expected- 
evaluation, cognitive-load-before, and cognitive-load-after 
groups expected to be reinterviewed (higher than M = 66 
on a seven-point scale) 


Results 


As a replication of prior studies, shoppers 1n the expected- 
evaluation group evaluated the supermarket more negatively 
than those in the control group (for service Мур = 4 44 
versus Mcontro) = 5 46, for satisfaction Megxpect = 4 07 ver- 
sus Мсопто! = 5 40, and for recommendation Mexpect = 
427 versus Меса! = 5 77, ps < 001) The main test 
focused on the contrast between the effect of cognitive load 
before and after shopping The results indicated that cogm- 
tive load before entering the store statistically significantly 
decreased the negative effect of expecting to evaluate, 
whereas cognitive load after completing the store visit did 
not 

Specifically, all average ratings were significantly lower 
in the cognitive-load-after group than 1n the cognitive-load- 
before and control groups for service (Му оаа after = 4 85, 
Mi „аа before = 5 14, and Месина = 5 46), for satisfaction 
Mi oad_after = 4 35, MLoad_before = 487, and Mcontroi = 
5 40), and for recommendation (Myoaq after = 5 20, 
Мү оза before = 6 10, апа Mcontrol =5 77) Conversely, the 
evaluations of the cognitive-load-before group and control 
group were similar on all aspects (all ps >1) Finally, 
although the ratings of the cognitive-load-after group were 
significantly lower than those of the control and cognitive- 
load-before groups, they were higher than the ratings in 
the expected-evaluation (no-load) group for service 
(Му oad_after = 4 85 versus Михре = 4 44, (116) = 3 06, p < 
01) and recommendation (Муома after = 520 versus 
Меурс = 4 27, t(116) = 3 60, p < 01) 

Next, we examined the effect of cognitive load and its 
timing on the participants’ stated focus of attention Corre- 
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sponding to the evaluation findings, the cognitive-load- 
before group reported significantly greater focus on positive 
aspects than the cognitive-load-after group (Mj oaq_before = 
5 10 versus Мү oad after = 4 30, F(1, 116) = 18 5, p < 001) 
and was statistically indistinguishable from the control 
(Му oaa. before = 5 10 versus Мсорто = 5 13, БА, 116) < 1, 
p> 1) Conversely, the cognitive-load-after group was sta- 
tistically indistinguishable from the expected-evaluation 
group (Mi оаа абег = 4 30 versus Михре = 4 27, БА, 116) < 
1, р > 1) and significantly more negative than the control 
(Мү оаа ater = 430 versus Mcontro) = 5 13, F(1, 116) = 
20 03, p « 001) 


Discussion 


The main finding of Study 2 1s that cognitive load before 
the online evaluation (1e, before the actual shopping 
experience) greatly attenuates the effect of expecting to 
evaluate, whereas cognitive load after the experience does 
not Furthermore, shoppers who received the name-recall 
task (1e, cognitive load) before shopping subsequently 
reported that their focus of attention was more positive than 
those 1n the expected-evaluation group and the cognitive- 
load-after group Evidently, cognitive load before shopping 
limits the production of negative evaluations during the 
actual experience However, after the negative evaluation 
has been formed, cognitive load does not inhibit shoppers 
from reporting their already-formed evaluations 

These results indicate that expectation to evaluate tends 
to cause a shopper to pay attention to negative aspects of the 
store’s service when cognitive resources are available Fur- 
thermore, the findings of Study 2 imply that shoppers do 
not “fabricate” negative evaluations just to comply with 
their task, and they report such evaluations only if they are 
able to gather supporting evidence during the shopping 
experience 

We extended Study 2 та follow-up study with 200 
supermarket shoppers, who were randomly assigned to one 
of four groups control, expecting to evaluate, expecting to 
evaluate + cognitive load after shopping, or just cognitive 
load after shopping We designed the fourth condition to 
test whether cognitive load even without expecting to evalu- 
ate produces more negative evaluations Another objective 
of the follow-up study was to contrast the content of recall 
from the shopping visit across the four experimental 
groups As in Study 1, we computed for each group a recall 
measure by subtracting the average number of positive 
aspects recalled from the average number of negative 
aspects recalled 

The store evaluation results in the control, expected- 
evaluation, and expected-evaluation + load-after groups 
were similar to those found in Study 2 We replicated the 
basic effect (for service Mcontroi = 4 79 versus MExpecting = 
4 06, t(196) = 8 06, р < 0001, for satisfaction Мск = 
4 97 versus Mexpecting = 4 05, (196) = 8 80, р < 0001, and 
for recommendation Мсоцој = 456 versus Mexpecting = 
3 58, t(196) = 7 27, p « 0001) More important, the evalua- 
tion ratings ш the cognitive-load-after-shopping group 
(without expected evaluation) were either statistically indis- 
tinguishable from or higher than the control group (for ser- 
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vice Мү оза Only. After = 4 86 versus Mcontro = 4 79, t(196) < 
1, p > 1, for satisfaction Mi оаа Only After = 511 versus 
Mcontrot = 4 97, t(196) = 1 34, p > 1, and for recommenda- 
tion Мү оза опу_Апег = 4 96 versus Mcontrol = 4 56, t(196) = 
2 97, p < 003) and significantly more positive than those in 
the expected-evaluation + cognitive-load-after-shopping 
group (for service М; оа only_After = 486 versus 
Me xpecting&Load_after = 428, t(196)= 6 40, p< 0001, for sat- 
isfaction Myoad_only_After = 5 11 versus Mexpecting& 
Load after = 4 28, t(196) = 7 94, p < 0001, and for recom- 
mendation Myoad_Only_After = 496 versus Mexpecting& 
Load after = 3 84, t(196) = 8 30, р < 0001) Corresponding to 
these results, the recall measure (number of positive less 
negative aspects) was 84 in the control, —1 22 1n the 
expected-evaluation group (t(196) — 5 14, p « 0001), -128 
in the expected-evaluation + load-after-shopping group, and 
1 08 in the cognitive-load-after-shopping group (t(196) = 
589, p « 0001) We obtained no significant difference 
between the control and the load-only-after-shopping 
groups (shopping groups t(196) « 1, p > 1) Finally, the 
pattern of results for the focus-of-attention measure (1e, 
the explicit measure regarding the focus to posittve versus 
negative aspects of the supermarket) paralleled the evalua- 
tion results for the four groups (Mcontroi = 4 54, Mexpecting = 
3 46, Мү oad Олу Afer = 4 82, and Mexpecting&Load_after = 
384) Thus, the results of the follow-up study confirmed 
that (1) cognitive load alone does not produce more nega- 
tive store evaluations and (2) the valence of recall 1n the 
cognitive-load-only-after-shopping group was similar to the 
control group and significantly more positive than the 
expected-evaluation group 

Another follow-up study, with 120 bookstore shoppers, 
focused on the mediating role of consumers’ “role expecta- 
tions” As the pilot study we mentioned previously shows, 
most consumers are likely to assume that their role 1s to 
offer constructive feedback, which highlights areas on 
which the service provider should improve its performance 
Accordingly, the study examined whether consumers’ per- 
ceptions regarding the type of feedback that would be most 
helpful to the store mediates the effect of expecting to eval- 
uate In addition to the same measures of service, satisfac- 
tion, and recommendation as in Studies 1 and 2, we mea- 
sured respondents’ perceptions of relative helpfulness of 
positive versus negative feedback to the store using a seven- 
point scale (1 = “negative feedback,” and 7 = “positive feed- 
back”) In line with Baron and Kenny’s (1986) mediation 
test, the results indicated that the consumers’ naive “role 
expectation” theory mediates the effect of expecting to eval- 
uate on service evaluations First, as a replication of the 
results of Study 1 and 2, there was a standard negative bias 
of expected evaluations on all three measures (for service 
quality Mexpect = 4 71 versus Mcontrol = 5 22, t = 2 87, р < 
01, for satisfaction Mgxpect = 4 85 versus Mcontrol = 5 32, 
t = 210, p « 05, and for recommendation Мере = 473 
versus Mcontroi = 5 36, t = 2 63, р < 01) Second, shoppers 
who were expected to evaluate before entering the store 
reported that negative versus positive feedback 1s more 
helpful to the store manager in improving future service 
(Mexpect = 3 43 versus Месна! = 401, t = 200, р < 05) 


However, the significant main effect of expectation on 
evaluation decreased significantly or marginally signifi- 
cantly when we included both the task condition and the 
perceived helpfulness of negative feedback as predictors 
The previously significant impact of expecting to evaluate 
on overall satisfaction was no longer significant when we 
included the perceived helpfulness of negative feedback as 
a predictor (t = —1 43, р> 1) In addition, Sobel tests show 
that the negative effect of expecting to evaluate on service 
quality, satisfaction, and recommendation decreased signifi- 
cantly when we added perceived helpfulness of negative 
feedback as a predictor variable (Sobel's Z = 1 77, p < 07, 
Sobel's Z = 1 81, p < 07, and Sobel's Z = 2 05, p « 05, 
respectively) As prior research (e g, Ойт and Simonson 
2001, Study 3) has shown, despite the apparent mediating 
impact of role expectations, the prominence of negative 
information (1 e, negativity enhancement) has an 1ndepen- 
dent, potentially greater 1mpact on the resulting negative 
evaluations 

Specifically, the prominence of negative information 1s 
likely to interact with and be magnified by role expecta- 
tions Thus, as the results of Studies 1 and 2 indicate, con- 
sumers do not just “make up” negative feedback to be help- 
ful Instead, they appear to internalize their market research 
task, which unconsciously affects their shopping experi- 
ence, the information they attend to, their recall, and subse- 
quent enduring store evaluations 

A question that arises 15, Can marketers seek customer 
feedback and encourage consumers to pay attention to what 
they like and dislike about their service without creating a 
negative bias, which greatly undermines the value of the 
feedback? That 15, can the expected-evaluation task be 
revised 1n such a way that the negative bias in resulting 
evaluations is eliminated or reduced? In Study 3, we exam- 
ine the 1mpact of three revised expected-evaluation 1nstruc- 
tions that call the respondents' attention to the possible 
impact of their task and feedback 


Study 3: Can Predictions of Market 
Research Task Effect Correct the 
Negative Bias of Expecting to 
Evaluate? 


Study 3 examines the impact of three revised expected- 
evaluation tasks, which call attention to the role of the 
evaluation task and could potentially decrease or even 
eliminate the effect The evidence presented so far suggests 
that the negative bias of expected evaluations 1s robust and 
not easy to reverse (with the exception of cognitive load 
before the shopping task) The question that arises is 
whether calling study participants’ attention to the effect of 
the evaluation task on their own evaluations and on the 
store’s response to these evaluations can eliminate the nega- 
tive bias of expected evaluations Accordingly, the three 
revised tasks tested 1n Study 3 include (1) explicitly inform- 
ing shoppers that other consumers who were asked to eval- 
uate tended to provide more negattve evaluations, (2) pro- 
viding more implicit information and asking those in the 
expected-evaluation task to predict the effect of expecting 


to evaluate on evaluations, and (3) asking respondents, after 
they are informed about the upcoming evaluation but before 
they enter the store, whether they expect the store to listen 
to their feedback and consider ıt important This third task 
variation enables us to assess the impact of consumers’ per- 
ceptions regarding the impact of their service evaluations 
We refer to the first revised task as “known effect,” to the 
second as “predicted effect,” and to the third as “feedback 
use” Consistent with the previous findings, we expect the 
shoppers’ negative bias of expected evaluations to be rather 
resistant to change, except when they are explicitly told 
about the “bias” 


Method 


Participants were 175 supermarket shoppers who were ran- 
domly assigned to one of five conditions (n = 35 1n each 
condition) The expected-evaluation (Condition 1) and con- 
trol (Condition 2) groups were the same as 1n the prior stud- 
1es Respondents in the known-effect group (Condition 3) 
were also told of the upcoming evaluation task However, 
they were then informed of a previous study that included 
two groups, one that had been told about the evaluation task 
and one that had not, which showed that the former group’s 
evaluations were significantly lower than the latter’s 
Respondents in the predicted-effect group (Condition 4) 
were also provided with a description of the previous study 
However, instead of being told the outcome, they were 
asked for their opinions as to whether the subsequent satis- 
faction with the store was the same in both groups or 
whether one of the two tended (after the store visit) to be 
more satisfied than the other Respondents assigned to the 
feedback-use group (Condition 5) answered (immediately 
after being told about the subsequent evaluation task) two 
questions on seven-point scales (1) “То what extent do you 
expect the supermarket to listen to customers’ feedback?" 
and (2) "To what extent do you believe that the supermar- 
ket's management regards customers' feedback as 1mportant 
and useful?" 

When exiting the store, all respondents were asked the 
same questions They rated the supermarket on nine seven- 
point scales, including (1) six 1tems that were designed to 
assess specific dimensions of service quality (politeness of 
store employees, employees' willingness to assist shoppers, 
employees' professionalism, length of wait at the checkout, 
convenience of product display, and level of service, Cron- 
bach's œ = 86), (2) two overall satisfaction measures (with 
service and the shopping visit, r= 81, p « 0001), and (3) 
their likelihood to recommend the store to frends Respon- 
dents were also asked whether, while shopping at the store, 
they paid more attention to positive (7) or negative (1) 
aspects A manipulation check confirmed that participants 
in the control group did not expect to be interviewed after 
shopping (M = 1 35 on a seven-point scale), whereas those 
in the expected-evaluation conditions did expect to be rein- 
terviewed (higher than M = 6 5 on a seven-point scale) 


Results 


As Table 2 shows, consistent with the prior studies, the 
evaluation ratings 1n the expected-evaluation group were 
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TABLE 2 
Study 3 Means 





Standard Expected 


Control Evaluation 

Service index (1—7) 5 60 456 
Satisfaction index 

(1—7) 5 72 440 
Recommendation 

(1-7) 5 40 391 
Recall index 

number of positive 

aspects — number 

of negative 

aspects 46 —1 17 


lower than ın the control (for service Мұсопко = 5 60 versus 
Mexpecting-no debias = 4 56, (170) = 5 23, p < 0001, for satıs- 
faction Mcontro! = 5 72 versus Mexpecting-no debias = 4 40, 
t(170) = 496, р < 0001, and for recommendation 
Mcontrol = 5 40 versus Mexpecting-no debas = 3 91, (170) = 
401, p < 0001) Although the ratings were also slightly 
lower 1n the known-effect group (1 e , the group told explic- 
шу about the negative bias of expected evaluations) than in 
the control, these differences were statistically insignificant 
(see Table 2) The results suggest that the known-effect 
group did not exhibit the bias, whereas the expected- 
evaluation condition, without any debiasing procedure, 
exhibited the bias 

The other two debiasing procedures failed to overcome 
the effect of expecting to evaluate Thus, asking consumers 
to predict the direction of the expected-evaluation effect did 
not diminish the negative bias Specifically, the evaluations 
were simular to those of the expected-evaluation group, and 
the differences were 1nsignificant (for service Mexpecting-no 
debias = 4 56 versus Mpredictea = 4 49, t(170) < 1, for satıs- 
faction Mexpecting-no debas = 4 40 versus Mpredictea = 447, 
(170) < 1, and for recommendation Mexpecting-no debias = 
3 91 versus Mpreaictea = 3 23, (170) = 1 85, ps > 05) These 
results were observed regardless of the predicted effect (1 е, 
both the majority who expected the task to have a negative 
effect and those who expected a positive or no effect) 

Furthermore, asking respondents before they entered the 
store whether they expected management to listen to their 
feedback and find ıt useful did not debias the subsequent 
evaluations (1e, the negative bias was still observed) (for 
service Mexpectng-no debas = 456 versus Mreedback use = 
4 46, t(170) < 1, for satisfaction Mexpecting-no debias = 4 40 
Versus Мрсевђаск use = 4 33, t(170) < 1, and for recommen- 
dation Mexpecting-no debias = 3 91 versus Mpeedback use = 4 06, 
t(170) < 1, ps > 1) As m the predicted-effect group, there 
was no significant difference between those within the 
feedback-use group who expected the store management to 
use the customer feedback and those who did not (p » 1) 
Finally, as Table 2 shows, the recall measures corresponded 
to the pattern of ratings 1n the various conditions, such that 
lower ratings were associated with a higher percentage of 
negative versus positive recalled aspects 


112 / Journal of Marketing, November 2009 


Expected: Expected. Expected: 
Known Effect Predicted Effect Feedback Use 
5 25 4 49 446 
5 21 4 47 4 33 
5 03 323 4 06 

74 —1 11 — 66 


Discussion 


The results of Study 3 further show the robustness of the 
negative bias created when consumers are told 1n advance to 
form evaluations of marketers’ performance The only 
group who received explicit information regarding that bias 
did not show 1t, whereas other procedures that were likely 
to enhance consumers' task 1nvolvement and cause them to 
consider possible task effects failed to correct the negative 
bias of expected evaluations That 1s, both the predicted- 
effect group and the feedback-use group were indistinguish- 
able 1n their subsequent store and service evaluations from 
the standard expected-evaluation task In real market 
research applications, a company cannot and should not 
lead respondents to address previously observed biases, 
because such explicit instructions greatly undermine the 
potential value of customer feedback and may simply 
reflect demand effects Thus, the observed bias produced 
by participation in a rather commonly used service/ 
performance evaluation task 1s difficult to debias These and 
the previously reported results also highlight the process 
mechanisms that generate this robust bias 


General Discussion 


This research examines the scope, boundaries, and mecha- 
nisms underlying the impact of participation in market 
research on the evaluation of marketers’ performance 
Although our focus 1s on consumer feedback regarding ser- 
vice performance, our findings have broader implications 
regarding some unintended consequences of market 
research with respect to customer loyalty and perceptions of 
service quality In particular, a primary determinant of the 
value of market research 1s the degree to which the inputs 
consumers provide in market studies/surveys can help mar- 
keters штргоуе their performance, such as offering better 
products or better service Thus, 1f consumers who partici- 
pate in market research studies evaluate marketing perfor- 
mance differently from those who do not, (1) the provided 
inputs may be misleading, and (2) the impact of participa- 
tion in market research may linger beyond the task and 
affect subsequent attitudes and purchase behavior 

Indeed, Study 1 shows not only that consumers who 
expect to evaluate a store perceive it more negatively (Ofir 


and Simonson 2001) but also that the bias persists after 
several days, regardless of whether service evaluations are 
reported 1mmediately after shopping or after a few days (or 
at both times) Indeed, there was preliminary evidence that 
the negative bias may exacerbate over time This finding 
indicates that more negative expected evaluations are not 
made up but rather reflect the true resulting perceptions of 
the market research participants 

The subsequent studies reinforce this conclusion and 
demonstrate how difficult 1t 1s to correct the biased evalua- 
tions Study 2 shows that cognitive load while shopping 
interferes with the production of the negative bias, which 
indicates that the resulting perceptions are “real” and 
require supporting evidence, which consumers under cogni- 
tive load fail to obtain Conversely, cognitive load after 
shopping but before reporting store evaluations does not 
correct the negatively biased perceptions 

Study 3 further shows how challenging it 1s to debias 
market research participants, only participants explicitly 
told about the specific negative bias observed in a prior 
study managed to avoid it Conversely, asking respondents 
to consider the task effect or whether the store would listen 
to their feedback failed to debias Overall, these results 1ndi- 
cate that the negative bias of study participants 1s robust, 
enduring, and difficult to debias 

We should recognize that most market research studies 
often involve somewhat unnatural tasks that consumers do 
not perform except when providing inputs to marketers For 
example, outside the context of market research, consumers 
rarely rate brands, service, or attribute importance on a 
seven-point or any other scale Furthermore, although con- 
sumers may spontaneously evaluate their product satisfac- 
tion or the performance of a service provider, the knowl- 
edge that participants prepare such evaluations as inputs to 
marketers who want to 1mprove their offerings 1s likely to 
influence how these consumers approach the evaluation 
task Without an understanding of how this knowledge 
affects the feedback-generation process and its resulting 
content, marketers may often be unable to determine 
whether and tn what way to use consumers’ inputs 

Each marketing research task may trigger different pro- 
cesses, perceptions, and naive role theories that affect the 
reliability of consumer 1nputs In some cases, consumer role 
perceptions and theories regarding their task may not inter- 
fere with accurate reporting of the true underlying states, 1f 
such exist For example, certain findings derived from Jabo- 
ratory choice tasks (eg, Dhar 1997, Huber, Payne, and 
Puto 1982, Kivetz 2005) appear to replicate under real- 
world conditions However, in many other cases, con- 
sumers' beliefs about what they are supposed to do can play 
a key role in how the task 1s performed, leading to unreli- 
able and potentially misleading results In particular, con- 
sidering the growing evidence that consumer preferences 
are often susceptible to seemingly irrelevant influences and 
their evaluations of consumption experiences are fuzzy and 
imprecise, perceived task roles can be especially influential 

Further research might examine other key marketing 
research procedures in depth to determine what, if any, task 
(mis)perceptions they produce and the resulting impact on 


the reliability of the findings of such studies Specifically, 
the same three steps we employed ın this research can be 
followed First, researchers need to identify the beliefs, if 
any, that study participants form regarding their role and 
how it should be performed Second, researchers can exam- 
ine the process and valence consequences of these beliefs 
Third, moderators of the observed effects need to be 
investigated 

Furthermore, a key question that needs to be addressed 
is whether and in what ways researchers might debias 
participants in marketing studies In general, the record of 
debiasing procedures in terms of lasting effectiveness 15 
rather mixed (е g , Fischhoff 1982) In the case of the effect 
of expecting to evaluate, the simplest debiasing tactic 1s not 
to forewarn consumers about the upcoming evaluation task 
and merely interview them at the conclusion of the experi- 
ence This approach assumes that the control group pro- 
vides unbiased and more accurate feedback, whereas those 
who expect to evaluate are biased and report incorrect 
assessments However, a limitation of relying on the control 
group пе, а nonforewarned group) 1s that people may 
mindlessly and superficially report a high level of satisfac- 
tion, conversely, the more careful evaluation of those 1n the 
expected-evaluation group might more accurately reflect 
consumers’ true long-term responses to the evaluated ser- 
vice and the likelihood of switching to other service 
providers Determining unambiguously which condition 1s 
more biased or less informative сап be challenging and may 
depend on the specific goals of the research 

For the current discussion, we continue to assume that 
the more negative evaluations among those who expected to 
evaluate represent a bias and that forewarning consumers 
about the task 1s considered beneficial for obtaining careful 
and accurate evaluations Under these assumptions, a sım- 
ple debiasing approach might be to tell participants that the 
sole purpose of the research 1s to receive their honest and 
unbiased opinion, considering both positive and negative 
aspects they encounter A downside of this approach 1s that 
it might stimulate the production of hypotheses about the 
objectives of the study and the way participants are 
expected to perform Alternatively, the researchers could 
inform participants explicitly about the previously docu- 
mented biases that might be created when consumers expect 
to evaluate, that 1s, 1n addition to informing participants 
about the upcoming task, researchers can forewarn them 
about specific mistakes that expected evaluators tend to 
make (as we did 1n Study 3) 

As managerial reliance on marketing research tech- 
niques increases, the limited understanding of the way 
study participants perceive their roles and how such percep- 
tions affect their behavior and reported evaluations becomes 
more of an issue For example, the task of portraying brands 
as types of people may not be something that consumers 
perform spontaneously 1n everyday life, but such tasks are 
becoming increasingly popular in marketing research Gain- 
ing insights into consumers’ lay beliefs about this and other 
common market research tasks 1s essential to understand 
whether and in what ways market research findings can be 
best employed 
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cial statements, augmented by analysis by stock ana- 
lysts The ultimate goal of any marketing expendi- 
ture should be to increase the value of the firm, but the road 
from marketing expenditure to stock price 1s usually cir- 
cuitous This 15 because marketing’s path to financial 
impact 1s through revenues, and the road to revenues runs 
through the customer Typically, a long chain of effects 1s 
involved to account for the impact of a marketing expendi- 
ture (Rust et al 2004), and the effects of marketing invest- 
ments play out over time This special issue focuses on 
exploring relationships along this chain from marketing 
actions to marketplace outcomes and the creation of 
market-based assets and firm value 
In an effort to add greater clarity to and lend support to 
the exploration of these 1ssues, the Marketing Science Insti- 
tute (MSI) and Emory Marketing Institute (EMI) organized 
a gathering of manufacturers, 1nvestment companies, and 
academics from across marketing, finance, and accounting 
to identify key issues and research questions This small 
group identified five key areas 


S tock prices are based 1n large part on corporate finan- 


1 Main drivers of market value How informed are stock 
prices relative to important customer, brand, and marketing 
developments? What ıs the relative importance of short- 
term versus long-term performance? Should market-based 
assets (brand, customer, and channel equity) be on the bal- 
ance sheet? Does Wall Street recognize long-term 1mpor- 
tance of marketing assets? 

2 Understanding brand valuation What are defensible, прог- 
ous methodological approaches to brand valuation? Can 
methods be developed that incorporate the impact of brands 
on the major drivers of shareholder value? What 15 the 
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impact of brands on the level, growth, and nsk (longevity, 
persistence, sustainability, and resilience) of cash flows and 
cost of risk capital? 

3 Challenging the efficient market hypothesis Many market- 
ing assumptions and strategies are focused on segmentation 
and differentiation and, thus, on “making markets imper- 
fect” The success of these actions 1s reflected in, for exam- 
ple, brand loyalty and customer retention Is this value 
reflected in stock returns? If marketing resources are used 
well, will that tickle down to the capital markets? 

4 The investor community as a customer (investor relations) 
Are the nght marketing metrics communicated to the 
investor community? Is the investor community more inter- 
ested ın some activities (е g , innovation) than others (ер, 
advertising, market development)? How can companies bet- 
ter market themselves to investors? 

5 Analyzing the analysts Are analysts’ recommendations 
more positive or "sticky" for firms with higher corporate 
brand equity? How do analysts’ interpretation of marketing 
events affect prices? 


A call for proposals with funding from MSI and EMI 
led to the special 1nterest conference Marketing Strategy 
Meets Wall Street, culminating 1n this special issue The 
call resulted in the funding of 15 proposals and the presen- 
tation of 32 papers at the conference, a smaller set of which 
have emerged 1n this special issue We propose a unifying 
framework for this research, discuss the major findings 
obtained so far, and identify important avenues for further 
research 


Marketing Drivers of Firm Value 


The value of the firm 1s based on its current cash flows as 
well as growth and risks associated with future cash flows 
(Srivastava, Shervani, and Fahey 1998) These market per- 
formance measures can be linked to the following 


*Market-based assets Examples of market-based assets are 
customers, brands, channels, and innovations These assets are 
valuable on their own, but they deliver greater "value in use” 
Brands can be leveraged to launch extensions with higher 
returns and lower risk 

*Marketing capabilities Market orientation and expertise are 
essential for efficient and effective use of resources ın the 
marketplace 
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eMarketing actions These are based on strategy development 
and execution of business models that leverage marketing 
assets and capabilities 


These assets, capabilities, and accompanying actions not 
only affect market performance (profitability, growth, and 
risk) but also lead to key marketing metrics, such as cus- 
tomer satisfaction and retention, brand loyalty, and 
reputation 

How all these marketing assets, capabilities, and actions 
play out 1n determining market value remains somewhat of 
a mystery There are two major paths First, the valuation 15 
likely to be linked to how these factors affect risk-adjusted 
discounted future expected cash flows Second, key market- 
ing metrics (eg, customer or brand loyalty) as well as 
financial and accounting metrics (e g , margins) themselves 
are likely to influence market valuation (eg, price— 
earnings or market-to-book) ratios and, thus, a firm’s mar- 
ket value 

Because firm securities are complex, intangible bundles 
of benefits, costs, and risks, 1t 1s necessary to examine how 
financial information intermediaries (stock market analysts) 
influence investor choices through buy, sell, or hold recom- 
mendations, just as channel intermedianes influence con- 
sumer choice Srinivasan and Hanssens (2009) emphasize 
the importance of the investor community 1n the design and 
execution of marketing plans Indeed, investors react to 
changes 1n important marketing assets and actions that are 
believed to change the outlook on the firms' cash flows 


What We Learned: Market-Based 
Assets Matter 


Using the framework presented 1n the previous section, we 
confirmed some expectations Others were left unaddressed 
and remain opportunities for further research 


Customer Equity 


The value of the firm ıs based on its future cash flows, and 
almost all positive cash flows can ultimately be traced to 
customers (Srivastava, Shervani, and Fahey 1998) Thus, 
firms increasingly realize that the ultimate measure of their 
value 1s their customer equity, the sum of the lifetime values 
of the firm's current and future customers Prior research 
has provided evidence of a correspondence between cus- 
tomer equity and the value of the firm (eg, Gupta, 
Lehmann, and Stuart 2004, Libai, Muller, and Peres 2006, 
Rust, Lemon, and Zeithaml 2004), but Kumar and Shah 
(2009) conduct the most thorough study to date of this 
strategically important connection 

Kumar and Shah (2009) show that changes 1n market 
value track changes 1n customer equity and that the value of 
the firm can be predicted by customer equity, both for a 
business-to-business firm and for a business-to-consumer 
firm This finding ıs xmportant because it 1s possible for 
managers to link marketing actions to customer equity (e g , 
Hanssens, Thorpe, and Finkbeiner 2008, Rust, Lemon, and 
Zeithaml 2004), meaning that marketing managers can now 
place a value on what changes 1n customer equity drivers 
resulting from marketing actions mean for the value of the 
firm This reinforces recent calls for customer equity to be a 
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routine part of financial reporting (Wiesel, Skiera, and Vil- 
lanueva 2008) 


Brand Equity and Brand Metrics 


Mizik and Jacobson (2009) analyze the value of branded 
businesses and find that brand metrics have statistically sig- 
nificant associations with valuation multipliers These brand 
metrics add incremental explanatory power to accounting 
vanables in explaining valuation multipliers Their work 
supports the perspective that marketing metrics provide 
valuable information to investors, beyond pure accounting 
measures, such as margins and turnover Similarly, Kras- 
nikov, Mishra, and Orozco (2009) show that brand 1dentifi- 
cation trademarks enhance the impact of brand association 
trademarks on cash flow growth and firm value 

In addition to information value, brand assets can be 
leveraged to enhance revenue and reduce risks while 
launching brand extensions in the context of motion pic- 
tures (Hennig-Thurau, Houston, and Heitjans 2009) This 
perspective 15 also supported by Tuli and Bharadwaj (2009), 
who demonstrate that investments 1n customer satisfaction 
insulate a firm’s stock returns from market movements 
(overall and downside systematic risk) and lower the 
volatility of 115 stock returns (overall and downside 1diosyn- 
cratic risk) 


What We Still Do Not Know: How 
Marketing Actions Really Create 
Firm Value 


Academic research 1n marketing 1s limited by data Data 
linking marketing actions and their impact on firm value are 
difficult to obtain—thus the paucity of research in this 
domain In some cases, the availability of data defines the 
problem that 1s being addressed rather than the other way 
around 

Such a case study approach leaves several important 
issues unexplored, including many of those we identified 
previously Although Muzik and Jacobson (2009) provide 
valuable insights, key questions related to understanding 
brand valuation—namely, determining how to demonstrate 
the value of marketing actions and assets by challenging the 
efficient market hypothesis—remain to be addressed Sımı- 
larly, the carefully executed Mad Money case study by 
Karniouchina, Moore, and Cooney (2009) invites further 
examination of the role of financial information 1ntermedi- 
aries and their 1mpact on 1nvestor choice 


Marketing Actions 


Luo and Bhattacharya (2009) advance the literature on the 
marketing—finance interface by drawing attention to the risk 
reduction potential of corporate social performance (CSP) 
and shed new light on some critical but neglected strategic 
marketing levers On the negative side of CSP, Tipton, 
Bharadwaj, and Robertson (2009) find that deceptive mar- 
keting practices destroy firm value when they are exposed 
by regulatory agencies For firms facing product recalls, 
Chen, Ganesan, and Liu (2009) find that, surprisingly, 
proactive recall strategies have a more negative effect on 
firm value than more passive strategies This raises a possi- 


ble dilemma for management An explanation for this unex- 
pected result 1s that the stock market may interpret proac- 
tive strategies as a signal for substantial financial losses to 
the firm 


Data Availability 


Academic research on the topic of relating marketing 
actions to the value of the firm 1s often opportunistic, 1n that 
it searches for the rare cases in which appropriate longitudi- 
nal data are available For example, Hennig-Thurau, Hous- 
ton, and Heitjans (2009) investigate the value of brand 
extensions. However, the research 1s possible only because 
extensive longitudinal information about the industry under 
study (motion pictures) 1s readily available Such an analy- 
sis could not generally be done for typical brand extension 
applications 

In general, the key issue 1п data availability 1s the ште 
required to assemble a data set The most promising solu- 
tion 1n such a case 1s to substitute cross-sectional data, 
which can be gathered quickly, for the longitudinal data that 
might be ideal This can work 1f the umt of data analysis 1s 
changed from the aggregate expenditure at time t to a cus- 
tomer measure For example, consider the problem of figur- 
ing out the relationship between marketing actions М, on 
market value V, over time In such a case, the standard 
approach 1s to gather a large number of data points over 
time t The unit of analysis 15 the tıme period, and the num- 
ber of data points 1s the number of periods for which data 
have been collected If the company has not already col- 
lected these data, 1t must wait until some time 1n the future 
when the required data are available 

An alternative approach is to consider the problem 
using the individual customer as the unit of analysis 
Instead of aggregate expenditures or aggregate actions, con- 
sider the effect on each customer at a particular time Let C, 
refer to the customer-specific measure that monitors the 
effectiveness of marketing action M, where 1 refers to an 
individual customer, and let B, be the behavior (or intention 
or attitude) that can be linked to financial outcomes Then, 
the natural variation across customers provides information 
about the effectiveness of the marketing action That 1s, if 
customers with a high C, show higher levels of B,, this 1s 
evidence that the marketing action that produces higher lev- 
els of C, 1s effective 

For example, customer equity models can be based on 
easily gathered cross-sectional data 1f the appropriate long1- 
tudinal data are not available (Rust, Lemon, and Zeithaml 
2004) In such a model, customer data are obtained by sur- 
vey, and perceptions of customer equity drivers are then sta- 
tistically linked to purchase intention (calibrated to reflect 
aggregate market behavior) Such an approach can provide 
viable methods for addressing marketing impact, even when 
the ideal longitudinal data are not available 


Directions for Further Research 


Investigating Reverse Causality 


A key element of making marketing financially relevant 1s 
relating marketing actions to market value Several articles 


in this special issue address aspects of this, such as the 
impact on market value of customer satisfaction changes 
(Tula and Bharadway 2009), brand equity (Mizik and Jacob- 
son 2009), responses to product-harm crises (Chen, Gane- 
san, and Yru 2009) and deceptive marketing exposure (Tip- 
ton, Bharadwaj, and Robertson 2009), social responsibility 
(Luo and Bhattacharya 2009), brand extensions (Hennig- 
Thurau, Houston, and Heitjans 2009), and trademarks 
(Krasnikov, Mishra, and Orozco 2009) 

One of the biggest concerns about any model that 
relates marketing actions to market value 1s the possibility 
of reverse causality Researchers want to show that market- 
ing action — change ın market value, but a reasonable com- 
peting hypothesis 1s often that market value — marketing 
action, meaning that the marketing action 1s endogenous 
Several of the articles test for endogeneity econometrically, 
but statistical methods alone may only partially solve the 
problem This 1s a well-known problem 1n econometrics but 
a central problem 1n relating marketing actions to market 
value A sometimes-neglected approach to addressing this 
problem 1s to posit links that are plausible only 1n one direc- 
tion For example, 1t 15 reasonable to anticipate that changes 
1n attribute perceptions can drive changes 1n choice, but the 
reverse causal direction (choice — attribute perceptions) 1s 
likely to be much weaker, even if it 1s statistically signifi- 
cant Thus, careful model formulation can often ameliorate 
any difficulties with reverse causality, even without resort- 
ing to complicated econometric techniques 


Designing Simple Metrics 


One of the best things about balance sheets and financial 
statements 1s that everybody understands what most of the 
numbers mean Analysts can interpret the numbers without 
too much difficulty and produce many useful ratios and sec- 
ondary analyses However, in the realm of marketing, things 
are different The effect of marketing actions 1s often 
reflected by changed customer attitudes or intentions, 
which may not be reflected 1n “concrete” numbers for some 
time Thus, a challenge for marketers 1s how to bridge the 
gap between marketing reality (eg, brand image, brand 
equity, customer equity) and financial value 1n a way that 
analysts can easily understand Can simple metrics, based 
on information readily available in the standard financial 
statements, that will be reasonable proxies for 1mportant 
marketing measures be devised? If not, are there standard 
data that should be collected by all companies so that key 
marketing metrics (e g , customer equity) can be evaluated 
та uniform way across companies? ' 


Understanding and Marketing Market-Based 
Assets and Capabilities 


Although much 1s known about consumer behavior, mar- 
keters have stayed away from understanding and influenc- 
ing investors Yet many of the same theoretical underpin- 
nings of consumer behavior, such as prospect theory, have 
had a major 1mpact on behavioral finance Therefore, the 
study of investor relations represents a major research 
opportunity 1n marketing 
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In their review article, Srinivasan and Hanssens (2009) 
emphasize the importance of the investor community in the 
design and execution of marketing plans Investors do react 
to changes 1n important marketing assets and actions that 
are believed to change the outlook on the firms’ cash flows 
Several econometric models have been developed to para- 
meterize these relationships, and several empirical proposi- 
tions have been generated to date These can be put to use to 


answer important investor behavior and related policy ques- 
tions First, does the current practice of firm performance 
disclosure provide adequate information to investors, and if 
not, what sources of information should be added or 
deleted? Second, how can investor response to new market- 
ing information be improved, if at all? Finally, what 15 the 
role of information intermediaries, such as stock analysts” 
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V. Kumar & Denish Shah 


Expanding the Role of Marketing: 
From Customer Equity to Market 
Capitalization 


Can a marketer drive the stock price of the firm? Yes, it should be possible Toward this endeavor, the authors 
develop a framework to link customer equity (CE) (as determined by the customer lifetime value metric) to market 
capitalization (MC) (as determined by the stock price of the firm) The authors test the framework in an empirical 
field experiment with two Fortune 1000 firms in the business-to-business and business-to-consumer contexts, 
respectively The findings show that (1) a CE-based framework can reliably predict the MC of the firm and (2) 
marketing strategies directed at increasing the CE not only increase the stock price of the firm but also beat market 
expectations Furthermore, the results indicate that the relationship between CE and MC is moderated by risk 
factors in the form of volatility and vulnerability of cash flows from customers By accounting for these factors, the 
authors improve the association between CE and MC The findings broaden the scope and role of marketing while 
reinforcing the importance of the marketer to any organization 


Keywords shareholder value, customer lifetime value, market capitalization, marketing accountability, customer 
management 


he world has become customer centric, in which disconnect here While an overwhelming majority of CEOs 

| firms are increasingly aligning their organizations consider the marketing function of an organization “highly 
around customers Of late, this trend has gathered influential and strategic 1n the enterprise,” a large majority 
momentum with chief executive officers (CEOs) of many still believe that CMOs do not demonstrate adequate return 
firms, who are expressing their intent to put customers at on investment and thus fail to show the true potential of 


the top of the long list of issues they must focus on for marketing (see The CMO Council Report 2007) Chief 
growth (see The NYSE Euronext CEO Report 2008) These executive officers need CMOs to drive marketing strategies 


developments put marketing ın the limelight—the function to obtain the maximum value from customer relationships 
that best knows and understands the firm’s customers In At the same time, the chief financial officer (CFO) needs to 
such a scenario, the chief marketing officer (CMO) should see the financial accountability of these strategies (Doyle 
be the most sought-after executive in the boardroom In 2000) To date, the marketing function across firms seems 
reality, however, the CMO 1s currently the most frequently to be falling short on both imperatives Rust, Lemon, and 
fired C-level executive, with an average tenure of less than Zeithaml (2004) note that there 1s a perceived lack of mar- 
24 months (see Welch 2004) More than half of all compa- keting accountability, which has undermined marketing’s 
mies recently surveyed claimed that the marketing and the credibility, threatened marketing’s standing ın the firm, and 
CEO agenda are not aligned in their organization (see ANA even threatened its existence as a distinct capability within 
& Booz Allen Hamilton 2004) Clearly, there 1s a serious the firm The ominous premonition in Rust, Lemon, and 


Zeithaml’s study resonates with the concerns raised 1n Web- 
ster, Malter, and Ganesan’s (2003, p 29) study, in which a 
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umpact on firm performance Is marketing losing its clout? 
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Toward this end, we propose a framework to link the out- 
come of marketing initiatives (as measured by customer 
equity [CE]) to the firm’s market capitalization (MC) (as 
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determined by the stock price of the firm) The intuition 1s 
that the stock price of the firm is based on the expected 
future cash flows of the firm If cash flow 1s primarily gen- 
erated from customers, an increase in CE (or cash flow 
from customers) should relate to an increase 1n MC (or the 
stock price of the firm) 

Several managerially relevant questions emerge Can 
CE really predict the MC of the firm? If so, can marketing 
strategies that increase CE also increase the stock price of 
the firm? In such a scenario, can the marketer predict and 
claim responsibility for the lift ın the firm's stock price 
through appropnate marketing strategies? We attempt to 
answer these questions through an empirical application of 
our framework, which involves real-world data from a 
business-to-business (B2B) and a business-to-consumer 
(B2C) firm Our results indicate that the CE metric can be 
used to reliably predict the average MC, or the stock price 
of the firm, within a maximum deviation range of 12%- 
13% We further demonstrate how marketing managers can 
leverage appropriate marketing strategies not only to lift the 
stock price of the firm but also to beat market expectations 
The results from our study hold implications for redefining 
the role of marketing as an organizational function that 1s 
capable of augmenting firm value through strategic cus- 
tomer management initiattves 


Theory 


How 18 marketing related to firm value? Previous studies 
have investigated different ways of linking marketing activi- 
ties and metrics to firm value For example, researchers 
have shown relationships between satisfaction and firm 
value (eg, Anderson, Fornell, and Mazvancheryl 2004, 
Fornell et al 2006), brand and firm value (e g , Kerin and 
Sethuraman 1998, Mizik and Jacobson 2008, Rao, Agarwal, 
and Dahloff 2004), advertisement and firm value (е g , Јо 
and Hanssens 2009), new product announcements and firm 
value (Sorescu, Shankar, and Kushwaha 2007), and so on 
(for a detailed review, see Srinivasan and Hanssens 2009) 
In this study, we focus our attention on how CE (as deter- 
mined from customer lifetime value [CLV]) ıs related to 
firm value 


Understanding the CLV Concept 


In recent years, the idea of managing customers on the basis 
of the CLV (or CE) metric has emerged as the most popular 
and efficient way of doing business The appeal of the CLV 
metric lies 1n its ability to foster profitable customer rela- 
tionship management (CRM) through appropriate market- 
ing interventions (Villanueva and Hanssens 2007) Several 
approaches have been suggested to compute CLV (eg, 
Fader, Hardie, and Lee 2005, Gupta, Lehmann, and Stuart 
2004, Kumar, Luo, and Rao 2008, Lewis 2004, Reinartz 
and Kumar 2000, Rust, Lemon, and Zeithaml 2004, 
Venkatesan and Kumar 2004, Venkatesan, Kumar, and 
Bohling 2007) In essence, the CLV computation entails 
predicting the future cash flow from each customer by 
incorporatng mto a single equation the elements of reve- 
nue, expense, and customer behavior that drive customer 
profitability This 1s then discounted by the cost of capital to 
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arrive at the net present value of all future cash flows 
expected from a customer or the lifetime value of the cus- 
tomer The sum total of lifetime value of all customers of 
the firm represents the CE of the firm In other words, CLV 
18 a disaggregate measure of customer profitability, and CE 
1s an aggregate measure Notably, CLV computation 1s con- 
ceptually analogous to the discounted cash flow method 
used 1n the accounting discipline to value firms In such a 
scenario, can CLV be extended to relate to the MC of the 
firm? 


Customer Value and Firm Value 


Several researchers 1n the recent past have proposed strong 
theoretical arguments 1n favor of linking customer value to 
firm value, shareholder value, or the MC of the firm (Bauer, 
Hammerschmidt, and Braehler 2003, Berger et al 2006, 
Srivastava, Ѕһегуат, and Fahey 1998) Consistent with 
these theoretical arguments, empirical studies have vali- 
dated the claim that customer value can be used as a proxy 
for a firm’s market value For example, Kim, Mahajan, and 
Srivastava (1995) use the popular discounted cash flow 
method to estimate the value of business in the wireless 
communications industry Gupta, Lehmann, and Stuart 
(2004) conduct an analysis across multiple firms to show 
that customer value can be as good as or a better method of 
firm valuation than traditional accounting Rust, Lemon, 
and Zeithaml (2004) show that when they multiplied the 
average CLV of American Airlines’ customer by the total 
number of airline passengers in the United States, the total 
customer value was more or less consistent with the MC of 
the firm Libai, Muller, and Peres (2006) estimate the firm 
value from customer-based measures for five different com- 
pamies and find that for four of the five, they could correctly 
estimate the firm value within an average deviation of 
115% Furthermore, prior studies have reported substantive 
findings that underscore the link between marketing and 
firm value For example, Gupta, Lehmann, and Stuart 
(2004) quantify the impact on firm value resulting from 
improvement in retention, margin, and acquisition cost 
Similarly, Rust, Lemon, and Zeithaml (2004) show how 
their CE framework can be applied to project return on 
investment from marketing expenditures Not surprisingly, 
Wiesel, Skiera, and Villanueva (2008) extend a strong argu- 
ment urging firms to report CE on their financial 
statements 

Collectively, these findings contribute to a growing and 
exciting stream of research that demonstrates the power of 
customer-based measures 1n shaping firm value Our study 
proposes to advance these findings in several important 
ways We take the CLV computation to the customer level 
rather than the industry level (Kim, Mahajan, and Srivastava 
1995) or the firm level (Gupta, Lehmann, and Stuart 2004, 
Libai, Muller, and Peres 2006) By doing so, our study 
allows firms to differentiate the lifetime value across each 
customer and thus deploy differentiated marketing strate- 
gies that are relevant to each customer according to his or 
her lifetime value For example, Gupta, Lehmann, and Stu- 
art (2004) show that, on average, a 1% improvement in 
retention cost improves firm value by 5% By implementing 
customer-level data, our study proposes to advance these 


findings by showing that a 1% improvement in retention 
cost can have a varying outcome on different customers 
ranging from a positive to a negative штрас!, depending on 
whether the 1% improvement 1n retention cost 1s directed 
toward highly profitable customers, less profitable cus- 
tomers, or unprofitable customers Consequently, firms can 
be discretionary in terms of which specific customers to 
retain This 1s imperative for firms that have a highly 
skewed distribution of lifetime value across customers 
Indeed, most firms agree with the 80-20 Pareto principle 
(1 e , the top 20% of the customers usually provide close to 
80% of the overall revenue and/or profits for the firm) This 
notion 1s consistent with the findings from recent empirical 
studies that have reported a highly skewed distribution of 
customer profitability (e g , Kumar, Shah, and Venkatesan 
2006, Rust, Lemon, and Zeithaml 2004) In such a scenario, 
marketing initiatives (е g , improvement 1п retention) would 
be wasteful (or less efficient at best) 1f they were uniformly 
applied across all customers of the firm 

An important constituent of firm valuation 1s future cash 
flows Studies on CLV to date have shown how to compute 
the value of future cash flows However, they do not pro- 
vide any insight into the nature of cash flows Snvastava, 
Shervam, and Fahey (1998) contend that any firm’s future 
cash flow 1s susceptible to inherent risks that can make the 
future revenue stream vulnerable and/or volatile, thus 
affecting firm valuation In other words, given the same 
value of future cash flows for two firms, the firm with lower 
nsk (1e, lower volatility and vulnerabihty of future cash 
flows) can obtain a higher market valuation than the firm 
with higher risk The vulnerability of cash flows 1s reduced 
when customer stickiness to the firm increases (as indicated 
by higher customer satisfaction, loyalty, and retention) 
Similarly, the volatility of cash flow 1s reduced when reve- 


nue streams from customers become more stable (Srivas- 
tava, Shervani, and Fahey 1998) We account for measures 
of volatility and vulnerability ın our framework and empiri- 
cally demonstrate that excluding these measures can attenu- 
ate the link between CE and MC of the firm (1e , firm value 
determined from the stock price of the firm) 

Finally, to date, studies have focused their attention only 
on linking customer value to firm value To the best of our 
knowledge, there has been no prospective research study 
that has continuously tracked the impact of marketing 
strategies on the stock price of the firm over time In this 
study, we empirically demonstrate which differentiated cus- 
tomer management strategies can be deployed and how the 
subsequent outcome may be tracked in the form of an 
increase Іп the stock price of the firm over time 


Conceptual Framework 
In Figure 1, we illustrate how the CE metric used 1n mar- 
keting may be linked to the MC of the firm After this link 
18 established, we illustrate how customer management 
strategies (that drive CLV/CE) can be leveraged to increase 
the MC, or the stock price of the firm Discussion of the 
building blocks of Figure 1 follows 


Establishing the Relationship Between CE and 
Mc 


Customer-centric measures What drives CLV? Man- 
agers are interested 1n uncovering and measuring these dri- 
vers so that they can deploy appropriate CRM strategies to 
influence CLV Previous research has shown that these dn- 
vers comprise exchange characteristics and customer 
heterogeneity variables (Reinartz and Kumar 2003) 
Exchange characteristics consist of variables such as pur- 
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chase propensity, contribution margin (including past cus- 
tomer spending level), cross-buying behavior, purchase fre- 
quency, recency of purchase, past buying behavior, and 
marketing contacts by the firm (Reinartz and Kumar 2003) 
For retail customers, customer heterogeneity variables com- 
prise demographic variables, such as age, income, gender, 
place of residence, type of residence, and marital status 
(Kumar, Shah, and Venkatesan 2006) For business cus- 
tomers, customer heterogeneity variables consist of firmo- 
graphic variables, such as industry type, number of employ- 
ees, annual revenue, annual growth, number of branch 
offices, and indicators for domestic or multinational opera- 
tions (Venkatesan and Kumar 2004) Collectively, these dri- 
vers offer variability at the individual customer level and 
thus help measure CLV 


Measuring CLV Several methods have been proposed 
in prior research to estimate CLV However, given the 
objectives of this study, we need a CLV computation 
approach that can (1) estimate the lifetime value of each 
customer separately by accounting for customer-level 
heterogeneity, (2) specify CLV as a function of customer- 
centric drivers that may be controlled by the firm through 
appropriate marketing interventions, and (3) be feasible to 
implement in the real world Recently, Kumar and col- 
leagues (2008) computed the CLV of IBM’s customers 
using a system of seemingly unrelated regression equations 
whose parameters were estimated using a Bayesian method- 
ology IBM successfully implemented the model 1n a pilot 
study with 35,000 customers Encouraged by this real- 
world case study, we adapt and extend Kumar and col- 
leagues’ approach to compute CLV We extend their 
approach by accounting for customer-level heterogeneity in 
covariates and by inferring customer transactions with com- 
petitors using share-of-wallet (SOW) information 


Calculating CE We calculate CE as the sum of CLVs of 
all existing customers as well as the new customers the firm 
1s expected to acquire 1n the future 


Calculating MC A popular measure of firm valuation 1s 
MC, which 1s based on the stock price of the firm Under 
this approach, firm value 1s computed as the product of the 
stock price of the firm and the number of outstanding shares 
in the market According to the efficient market theory, 
stock prices incorporate all information about the expected 
future earnings (Fama 1970) Thus, measures based on 
stock price can be assumed to be a good proxy for the long- 
term performance of the firm 


Linking CE to MC The ultimate objective of Figure 1 15 
to establish the link between the CE and the MC of the firm 
Before we establish this relationship, ıt 1s important to 
understand conceptually that though stock price (assuming 
efficient market theory) 15 risk adjusted, cash flow from 
CLV computation 15 not Ignoring this aspect of firm valua- 
tion could attenuate the relationship between CE and MC 
Srivastava, Shervani, and Fahey (1998) contend that risks 
associated with future cash flows can be addressed through 
customer-based measures related to the volatility and vul- 
nerability of cash flows from customers Toward this end, 
we use the variance 1n CE computation as a proxy variable 
to capture the volatility of cash flows from individual cus- 
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tomers and the customer’s SOW as a measure of vulnerabil- 
ity of future cash flows 

The variance in CE computation can be defined as a 
measure of the level of uncertainty with which firms can esti- 
mate the total lifetime value of their customers Customer 
SOW 1s defined as the approximate proportion of relevant 
business between a customer and a firm For example, if 
Customer A has a SOW of 100% with Firm X that sells 
apparels, Customer A buys all apparel only from Firm X A 
customer with a high SOW 1s likely to exhibit a high Itkeli- 
hood of repurchase, high retention, and high overall cus- 
tomer satisfaction (Perkins-Munn et al 2005) Conse- 
quently, high SOW implies high stability and, thus, low 
vulnerability of future cash flows In summary, low volatil- 
ity (or variance in CE computation) and low vulnerability 
(or high SOW) imply a strong association between the CE 
and the MC of a firm 


Leveraging Customer Management Strategies to 
Increase Stock Price 


A concept that 1s popular with the notion of shareholder 
value 1s shareholder value creation The primary agenda of 
CEOs 1s typically to create shareholder value, which 1s 
achieved when the shareholder return exceeds the cost of 
capital (1e , the required return on equity) Consequently, a 
firm can create shareholder value 1f its stock price outper- 
forms market expectations, which are typically based on 
historic performance and expected future returns In this 
section, we discuss how firms can increase stock price (and 
potentially create shareholder value) by applying CLV- 
based customer management strategies (Figure 2) 

As we discussed previously, the CLV of each customer 
is driven by a set of customer-specific drivers From a 
managerial standpoint, these drivers can be considered 
customer-specific levers that may be influenced through 
appropriate marketing interventions 1п the form of customer 


FIGURE 2 
Leveraging Customer Management Strategies to 
increase Stock Price 
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management tactics and strategies Because our modeling 
framework and data set facilitate the computation of lfe- 
time value of each customer of the firm, firms can deploy 
different marketing tactics and strategies for different cus- 
tomers (or customer segments) based on each customer’s 
lifetime value (or the average CLV of a customer segment) 
For example, the manager may want to increase the market- 
ing resources for a high-CLV customer (or segment) while 
curtailing resources for a negative-CLV customer (or seg- 
ment) Such marketing interventions will increase the over- 
all lifetime value of the firm’s customers (1 e , CE, as shown 
in Figure 2) and may also help lower the cash flow risk by 
stabilizing the future expected cash flows The increase in 
the CE of the firm’s customers can be used to predict the 
increase ın the MC of the firm by applying the CE-MC 
relationship developed in the previous section (see Figure 
1) We define the resultant MC as augmented MC ın Figure 
2 If the augmented MC exceeds market expectations, 1t will 
result 1n shareholder value creation. By dividing the aug- 
mented MC by the number of outstanding shares of the 
firm, we can estimate the lift in the firm's stock price 

Our modeling framework can help quantify which mar- 
keting activity directed toward which customer (or cus- 
tomer segment) can lead to how much change in the firm's 
stock price or the MC of the firm Toward this end, we oper- 
ationalize the conceptual frameworks of Figures 1 and 2 by 
dividing our methodology and analysis into two parts In 
Part 1, we provide model details for computing the CLV/CE 
and linking it to the MC of the firm (as Figure 1 illustrates) 
In Part 2, we apply the results from Part 1 to increase the 
MC (ог the stock price) of the firm 


Part 1: Linking CE and MC 


Methodology 


We adapt Kumar and colleagues’ (2008) approach to com- 
pute the lifetime value of each customer and add two impor- 
tant extensions to their methodology First, we allow all 
parameters (pertaining to CLV prediction) to be customer 
specific to capture the heterogeneity of customer responses 
(in comparison, Kumar and colleagues [2008] allow only 
the intercept terms to be customer specific), and second, we 
use SOW information to 1mpute customers' transactions 
with competitors These refinements improve the accuracy 
of CLV prediction 


Computing CLV for each customer We define the CLV 
as the net present value of cash flows provided by a cus- 
tomer over a future time honzon of three years (or 36 
months) The prediction horizon 1s held at three years and 
not the natural lifespan of the customer as the term "lifetime 
value" may imply This ıs because given the dynamic envi- 
ronment in which firms typically operate, a prediction win- 
dow of three years offers a good trade-off between predic- 
tion accuracy and prediction horizon when computing the 
CLV at an individual customer level Several prior studies 
have used a similar time horizon when estimating the CLV 
at the individual customer level (e g , Kumar et al 2008, 
Venkatesan and Kumar 2004, Venkatesan, Kumar, and 
Bohling 2007) Furthermore, in general, the concept of dis- 


counting future cash flows results in a majority of the cus- 
tomers’ lifetime value being captured within the first three 
years (Gupta and Lehmann 2005) Thus, we can specify the 


CLV for customer 1 as follows 
Т + 36 А Y MC 
Buy, 2D)xCM, MT xMC 
0 ам= елш E = У a 
(+r) (vec) 


J=T+1 
where 


CLV, = lifetime value for customer 1, 
p(Buy, = 1) = predicted probability that customer 1 will 
purchase 1n period j, 
CM, = predicted contribution margin provided 
by customer 1 1n period j, 
Мт, = predicted level of marketing contacts (ог 
touches) directed toward customer 1 in 


period J, 
МС = average cost for a single marketing 
contact, 
1 = 1ndex for future periods (months ın this 
case), 


T = the end of the calibration or observation 
time frame, and 

r = monthly discount factor (0125 ın this 
case, equivalent to 15% annual rate) 


Such a formulation assumes the “always-a-share” approach 
In other words, every customer 15 assumed to be always 
associated with the firm Any time interval when the cus- 
tomer does not transact with the firm 1s assumed to be a 
period of temporary dormancy Such an approach 1s appro- 
priate for noncontractual settings (Rust, Lemon, and Zeit- 
haml 2004, Venkatesan and Kumar 2004), as 1s the case 
with the two firms used in this study For contractual set- 
tings, firms can employ the “lost-for-good” approach to 
compute the CLV (eg, Berger and Nasr 1998, Lewis 
2005) Equation 1 contains the following three terms that 
must be predicted for each customer 


*The expected level of marketing contacts, or MT, Р 
*The probability of purchase, or p(Buy, = 1), and 
*The contribution margin, or ём, 


We model the log of the level of marketing contacts for 
a customer 1 1n time j as follows 


(2) log(1 * MT, ) = Oy, + хеви + Чу» 


where Хур Ву, Œi» and ц are a vector of predictor 
variables, a vector of corresponding customer-level coeffi- 
cients, a customer-level 1ntercept, and an error term, respec- 
tively Use of a logarithmic form of marketing contacts helps 
account for the diminishing returns of marketing efforts 
(Venkatesan and Kumar 2004) 

To model the probabihty of purchase, we specify the 
latent utility for a customer 1 from the firm in period j as a 
linear function of predictor variables 


+ = T 
(3) Buy; -05- x2 Bo, + Чо» 


where хо, Ву, бр, and uj, are a vector of predictor 
variables, a vector of corresponding customer-level coeffi- 
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cients, a customer-level intercept, and an error term, 
respectively 

We assume that a customer 1 purchases from the firm 
only when his or her latent utility for purchasing from the 
firm, Buy;, exceeds a certain threshold, which 1s set to zero 
in this case We do not observe the latent utility of the cus- 
tomer but rather a binary outcome variable, Buy, 1ndicat- 
ing whether the customer purchased or did not purchase 1n 
period у Consequently, we map the latent utility onto the 
observed binary outcome variable Buy, as follows 


Buy; > 0, if Buy, =1, 
Buy, $0, if Buy, = 0 


Finally, we model the contribution margin from a cus- 
tomer 1 1n period j as follows 


* .. T 
(4) CM; = 03 + хз, рз, + 031» 


where X3y, Ва, Сар and из, аге a vector of predictor 
variables, a vector of corresponding customer-level coeffi- 
cients, a customer-level intercept, and an error term, 
respectively 

In Equations 2, 3, and 4, the intercept and the other 
coefficients are specified as customer-specific parameters 
In other words, they vary by customer The variability in 
parameters 1s induced by customer heterogeneity, as cap- 
tured by select firmographic and demographic variables (for 
the complete list of variables used 1n this study, see Table 
D 

Accounting for missing transactions. For a given firm 
(Firm A), the contribution margin from a customer 1s real- 
ized only when Firm A's database records a purchase ıncı- 
dence (e, Buy, = 1) However, there may be instances 
when the customer does not make any purchase with Firm 
A This could be either because the customer does not have 
any need to make a purchase or because the customer 
chooses to buy from a competitor firm In either case, the 
proprietary database of Firm A will not record CM, when 
Buy, = 0 Equation 4a summarizes this 


(4a) CM, = CM}; if Buy, = 1, 


CM, = unobserved, if Buy, = 0 


The unobserved CM, may include missed purchase ıncı- 
dences when the customer chooses to buy from competitor 
firms The lack of information of a customer’s transactions 
with competitors can result 1n an estimation bias (of cus- 
tomer response elasticity) due to missing data. Kumar and 
colleagues (2008) address this issue by 1mputing the miss- 
ing contribution margin (for customers whose purchase 
incidence does not occur as expected) on the basis of the 
historic average interpurchase time of the customer In such 
a scenario, the missing contribution margin 1s imputed as 
random realizations of a normally distributed prior distribu- 
tion However, Kumar and colleagues’ approach assumes 
that the customer will have the same spending level with 
Firm A as the competitor In reality, the customer’s spend- 
ing level with the competitor will depend on the customer’s 
SOW with Firm A For example, a 70% SOW for Firm A 
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TABLE 1 
List of Available Variables 





Exchange Characteristics 
Operationalization 


Number of firm-initiated marketing 
touches in a given month 


Variable 


Level of marketing 
communication 
Product purchase Indicator variable = 1 if product is 
purchased Otherwise, indicator 


variable = 0 
Number of Number of purchase transactions їп a 
purchases given month 
Recency of Time (in months) since previous 
purchase purchase 


Contribution margin Amount of profit ($) contributed by 


a customer in a given month 
Spending level SOW 


Multichannel 
behavior 


Number of channels used by a 
customer to transact їп a given year 


Indicator variable = 1 if customer 
makes a purchase in a prespecified 
major product category in a given year 
Otherwise, indicator variable = 0 


Majority product 
category 


Cross-buying Total number of product categories 
purchased by a customer п a given 
year 
Product return Amount of returns ($) made by a 


customer in a given year 


Referral credit 
earned 


Amount of credit ($) earned due to 
referrals in a given year 


Customer Heterogeneity Variables 


Firmographic 
Variables from Demographic Variables from Data 
Data Set 1 Set 2 


Industry type Age and gender 


Number of years Marttal status 
since 
Incorporation 


Domestic or 
multinational 


Type of dwelling 


Number of Household income 


employees 
Average annual Distance between residence and store 
revenue 


Segment type 
(based on 
company size) 


Number of channels used for shopping 


Number of branch 
offices 


Loyalty card membership information 





implies that the customer spends the remaining 30% of the 
total category spending with the competitor firms Conse- 
quently, ш this study, we assume that the mean of the рпог 
distribution 1s the product of the customer’s average overall 
contribution margin and the share of the competitor’s pur- 
chase (as inferred from the observed average contribution 
margin with Firm A and the SOW data) Kumar and col- 
leagues and Cowes, Carlin, and Connett (1996) discuss the 
details of the data augmentation process for 1mputing miss- 
ing values, and thus we do not repeat it here However, note 
that the data augmentation process 15 used only for obtain- 
ing nonbiased estimates of response elasticities It 1s not 
used for the CLV prediction 

The three terms of Equations 2, 3, and 4 are related to 
the same customer and, as such, are inherently correlated 
Thus, we model these three terms jointly as a system of 
equations The corresponding likelihood function 1s as 
follows 


N T 
(5) L(MT, Buy, CM) = | [T [Pr(Buys < 0, wr) ^^ 
wsljy=l 


ж a B ж 0 Buy, 
x Pr(CM; = СМ,, Buy; > 0, МТ) ^, 
where Buy; = customer 1’s latent utility for purchasing 1n 
period j We estimate the likelihood function using the 
Bayesian estimation procedure Technical details of the esti- 


mation procedure are 1n the Appendix 


Segmentation and profiling After the CLV scores are 
computed, managers want to maximize the CE Computa- 
tion of the CLV at the individual level offers the flexibility 
of aggregating customers to virtually any number of dis- 
crete segments In this study, we employ data from two 
firms—a manufacturing firm catering to business customers 
and an apparel retail chain catering to retail consumers The 
manufacturing firm prefers to create customer segments of 
size one because each customer represents a business estab- 
lishment with a relatively high volume of business Conse- 
quently, the manufacturing firm prefers to customize its 
marketing touches and customer relationship efforts for 
each of its customers In contrast, the retail firm has mil- 
lions of customers with a relatively low volume of business 
per customer Consequently, the retail firm prefers to man- 
age 1ts customer base as discrete segments In either case, 
for the purpose of this study, we represent the database of 
both firms as comprising three discrete segments—high 
CLV, medium/low CLV, and negative CLV—to convey the 
heterogeneity of customer profitability After the segments 
are defined, it ıs managerially useful to profile the segments 
to evaluate which demographic (or firmographic) variables 
vary significantly across segments We can empirically 
determine the probability of a customer 1 belonging to seg- 
ment а by employing a multinomzal logit 


exp(6 
(6) prob,, = _ EXPO iq) _ 


where 


prob,, = the probability of a customer 1 being in segment 


а, 
да = Ше latent utility of a customer 1 belonging to 
segment q, 
Х,ак = ће К demographic/firmographic variables cor- 
responding to customer 1 of segment q, and 
Bo. Ву = coefficients estimated from the data 


Computing CE at the firm level After estimating the 
CLV for each customer 1 of the firm, we calculate the CE of 
N existing or retained customers (СЕр) as the summation of 
each customer’s lifetime value 


N 
(7) сву = У CLY, 


1=1 


Another important source of customer value 18 the new cus- 
tomers the firm expects to acquire in the future One way to 
account for this 1s by predicting the growth of the customer 
base by applying a diffusion-based model (e g, Gupta, 
Lehmann, and Stuart 2004, Kim, Mahajan, and Srivastava 
1995) Such an approach can account for nonlinear growth 
rates and diminishing returns, which 1s observed as a result 
of market saturation over time In the context of our study, 
we are dealing with two large corporations and predicting 
the future value of their customers over a relatively short 
time horizon of three years (as opposed to the infinite time 
horizon of Gupta, Lehmann, and Stuart’s [2004] study) 
Furthermore, both firms are highly diversified ın their 
respective businesses and are growing over time Conse- 
quently, we apply the average annual growth rate of 6% and 
3% for the B2B firm and the B2C firm, respectively These 
growth rates of new customers were deemed to be арргорп- 
ate by both firms for the next three years on the basis of 
their future business growth plans 1n terms of acquisitions 
(for the B2B firm) and opening of new stores (for the B2C 
firm) Consequently, 1f M customers are expected to be 
acquired over the next three years (1e, 36 months), CEA 
represents the CE from M newly acquired customers 
M T36 
(8) СЕ, = У SN А, 
J-T 

k=] J=T+1 (1+r) 


where 


CLV), = the lifetime value for customer k expected to 
be acquired at time j, 
Ак, = the acquisition cost corresponding to customer 
k expected to be acquired at time J, 
J = index for future periods (months 1n this case), 
T = the end of the observation time frame, and 
r- monthly discount factor (0125 in this case, 
equivalent to 1596 annual rate) 


We assume that CLV,, 1s equal to the average CLV of the 
existing customers of the firm (as of time T) Consequently, 
we need to subtract the acquisition cost Ар from CLV, in 
Equation 8 For the purpose of computation, we assume that 
Ay, 18 equal to the average acquisition cost per customer 
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These assumptions may not be an accurate representation of 
CLV, for each customer К However, because this 1nforma- 
tion 1s eventually aggregated (1n the form of СЕА), average 
CLV measures suffice as a convenient way to compute the 
CE of new customers for the purpose of this study Alterna- 
tively, some sophistication can be introduced ın this compu- 
tation depending on the firm's sales cycle, nature of busi- 
ness, industry, and availability of data pertaining to 
customers in the prospect pool For example, B2B firms 
typically have long sales cycles, and many B2B firms main- 
tain a sales pipeline report that contains details about each 
prospective customer In such a scenario, probability of 
acquisition can be assigned to each customer and multiplied 
by the expected CLV The expected CLV can be determined 
by matching the profile of the prospective customer with 
the average CLV of all retained customers of the firm with a 
similar profile 

The overall CE of all customers of the firm will be the 
summation of the CE of N retained customers (СЕр) and M 
newly acquired customers (СЕА), as we depict 1n Equation 


9 
(9) СЕ = CE, +CE, 


Computing МС Consistent with the efficient market 
theory and prior research, we compute MC as the market 
value of the firm For publicly listed firms, the MC of a firm 
at time t can be computed as the product of the average 
stock price (ASP) of the firm and the average number of 
outstanding shares P of the firm at time t 


(10) MC, = ASP, x P, 


Linking CE to MC The MC of the firm 1s linked to the 
CE of the firm at ште t by the following equation ! 


(1) МС, = у) + Y XCE, +E, 


where Yọ and ү; are parameters to be estimated and є; 15 the 
residual term that 1s assumed to be normally distributed In 
this study, time t represents a month 

The term €, represents the difference between the actual 
and predicted MC ın month t, and ıt represents aspects of 
firm valuation that are not accounted for by CE, The esti- 
mate of MC based on CE can be poor if € 1s large To 
address this issue, we let € be a function of factors that are 
not accounted for 1n the CLV (and, thus, the CE) computa- 
tion As we discussed previously, some inherent risks asso- 
ciated with cash flows are reflected in the MC of the firm 
(assuming efficient market theory) but not in the CE com- 
putation Consequently, we use the variance in the CE cal- 
culation (VAR_CE) and SOW information to capture the 
volatility and vulnerability in cash flow from customers 

The variance in CE represents the uncertainty in esti- 
mating the total lifetime value of customers on the basis of 
the parameter estimates of the drivers (or covariates) of 
CLV This uncertainty arises because of the variance associ- 
ated with the parameter estimates (of Equations 2, 3, and 4) 


IWe also tried the logarithmic and quadratic form of CLV; 
However, the linear form of СГУт as specified ın Equation 11 pro- 
vided the best fit 
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that are used to compute CLV Thus, we estimate the lıfe- 
time value of each customer by making a draw of customer- 
level parameter estimates We then add up the CLV of each 
customer to get the total CLV (1e, CE) If we repeat this 
process 10,000 times, each process/iteration will generate a 
different value of CE Consequently, a distribution of CE 1s 
generated, thus facilitating the calculation of VAR_CE On 
the basis of such an operationalization, we expect VAR_CE 
to have a negative impact on the MC of the firm 

Another dimension of risk 1s 1n the form of vulnerability 
of cash flows We capture this through the SOW informa- 
tion We operationalize the average SOW across customers 
as a weighted average (weighted by the contribution margin 
of the customers) to give more importance to high-value 
customers and less importance to low-value customers We 
expect SOW to exert a positive influence on MC, as dis- 
cussed previously In other words, a high SOW implies 
greater stability of cash flow from customers, thus lowering 
the risk of the firm’s operations and raising the MC of the 
firm 

Inclusion of these risk factors can help explain why two 
firms that have similar CE values can still have dissimilar 
market valuation because of the differences in perceived 
risk of the two firms Consequently, these risks moderate 
the relationship between the CE and the MC of the firm and 
thus exert their influence as both main effects and inter- 
action terms as specified їп Equation 12 

In addition to cash flow risks, there may still be some 
unobserved effects related to the environment and the mar- 
ket (e g , investor sentiments, macroeconomic factors) that 
could bias the parameter estimates To mitigate this issue, 
we employ one-period lagged values of MC as a proxy for 
omitted variables Therefore, we can express € 1n time t as 
follows 


(12) є, = Ay +A SOW, + A, (СВ, x SOW,) 
+A VAR_CE, + A4(CE, x УАК _СЕ,) + А МС, _ , +6, 


where A 1s a vector of parameters to be estimated represent- 
ing the effect of risk factors and unobserved factors that are 
accounted for ın the MC value but not in the CE computa- 
tion Note that the impact of these factors on the MC of the 
firm ıs constrained by the magnitude of the residual term е; 
This ensures that the relationship between the CE and the 
MC is maximized and not confounded by potential 
collinearity with terms specified in Equation 12 2 

The CE, term in Equations 11 and 12 represents the 
total Пейте value of customers by keeping a finite future 
time horizon of three years It could be argued that some 
alternative future time horizon for CE computation (1e, 
less than or more than three years) may provide a stronger 
relationship between the CE and the MC of the firm Thus, 
we tested the linkage between CE and MC by plugging in 


2We test for issues related to autocorrelation of error terms 
using standard diagnostic tests and find that this does not signifi- 
cantly affect our results The CE term is statistically significant 
even if all terms 1n Equations 11 and 12 were to be estimated as a 
single equation 


the CE estimates (as per Equations 1, 2, 3, and 4) for differ- 
ent future time horizons 


Data Description 


We employ customer transaction data sets of firms from 
two industries representing the B2B and the B2C settings 
Both firms are large, publicly traded companies 

The B2B data set comes from a Fortune 1000 high-tech 
manufacturing firm that sells computer-related hardware 
and supporting software The company’s database focuses 
on business customers and contains monthly transaction 
data for all its customers (establishments) from January 
2000 to April 2007 The product categories in the database 
represent different spectrums among high-technology prod- 
ucts For these product categories, 1t 1s the choice of the 
buyer and the seller to develop their relationships, and there 
are significant benefits to maintaming a long-standing rela- 
tionship for both Although these products are durable 
goods, they require constant maintenance and frequent 
upgrades, this provides the variance required in modeling 
the customer response To help the manager make a deci- 
sion, he or she has access to each customer’s date of each 
purchase, the product category purchased (and, thus, the 
level of cross-buying within the firm), the channel used by 
the customer to transact business (е g , online versus direct 
sales), and the amount spent at each purchase occasion The 
SOW information 1s obtained from a third-party external 
research firm hired by the B2B high-tech firm In addition, 
the high-tech firm has developed a sophisticated approach 
to impute the SOW for each of 115 customers We use both 
sources of information to reconcile the differences in SOW, 
if any 

The B2C data set comes from a large retail chain that 
sells ready-to-wear clothes, shoes, and accessories for both 
men and women The retailer’s data set contains customer- 
level, monthly transaction data for all its more than one mil- 
lion customers who made purchases between January 2000 
and April 2007 The retailer offers 1ts customers three ways 
to make their purchases (1) through any of the company's 
30 retail stores 1n the United States, (2) through a shopping 
catalog, and (3) through the company's Web site Thus, the 
data set captures information on multichannel shopping 
behavior The data set also contains rich information on dif- 
ferent product categories the retailer is selling Purchase 
transaction details, such as frequency of purchase, average 
purchase value, type of product purchased, number of prod- 
uct categories purchased, the channel through which the 
purchase was made, and the number and type of marketing 
communications made to the customer by the firm, are 
available for each month The retailer calculates the SOW 
information as the ratio of the total amount of dollars spent 
by a given customer 1n one year (with the retailer) to the 
estimated total amount of dollars the customer 1s capable of 
spending on similar products 1n one year The denominator 
1s umputed on the basis of available demographic 1nforma- 
tion of the customer, such as zip code, gender, marital sta- 
tus, family size, income, and age 

For both data sets, we divide the customers into two 
samples Sample 1, the “model-building sample,” comprises 
70% of the total customers of the firm Sample 2, the 


“model-validation sample," comprises 30% of the cus- 
tomers of the firm We use Sample 1 to calibrate the model 
and Sample 2 to validate the calibrated model We then use 
the final model to compute the CLV for the entwe sample 
set Figure 3 depicts the data set in terms of associated time- 
lines used for data analyses and prediction 

The unique strength of the two data sets lies in the avail- 
ability of longitudinal transaction data for each customer of 
the firm This enables us to compute CLV at the individual 
customer level, uncover customer-centric measures that 
drive CLV, and subsequently test the impact of customer- 
centric tactics/strategies on the MC of the firm Most 
important, disaggregated data facilitate deployment of mar- 
keting strategies at customer segments even as small as size 
one 

Table 1 summarizes the set of customer-level variables 
that are employed from the two data sets to estimate the 
propensity to buy, the contribution margin and marketing 
contacts for each customer, and, thus, the lifetime value of 
each customer We draw the choice of variables from prior 
research as well as theoretical and practical considerations 
that typically govern CLV prediction (for a discussion, see 
Kumar, Shah, and Venkatesan 2006, Venkatesan, Kumar, 
and Bohling 2007) The availability of firmographic (for the 
B2B customers) or demographic (for the B2C customers) 
variables corresponding to customers in data set 1 and data 
set 2, respectively, help in estimating customer-specific 
parameters of Equations 2, 3, and 4, as well as 1n conduct- 
ing profile analyses as specified in Equation 6 For the B2B 
firm, we use average firm revenue, firm size (determined by 
the number of employees), and industry type to estimate the 
customer-specific coefficients For the B2C firm, we use 
gender, household income, and distance from the store (as 


FIGURE 3 
Data Analyses: Timelines 
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determined from zip code) to estimate customer-specific 
coefficients 


Estimation 


The objective of our estimation 1s to recover two sets of 
parameters ©, and ©, Let ©, represent the set of parame- 
ters pertaining to CLV computation (1e, customer-level 
parameters corresponding to Equations 2, 3, and 4), and let 
Ө», represent the set of parameters pertaining to linking CE 
to MC (1e, firm-level parameters corresponding to Equa- 
tions 11 and 12) The estimation procedure 1s carried out in 
a sequential manner 

We begin by dividing the firms’ customers correspond- 
ing to the period January 2000 to December 2003 into two 
samples (see Figure 3) Sample 1 corresponds to 70% of the 
customers, and Sample 2 corresponds to 30% of the cus- 
tomers (randomly drawn from the firms’ databases) We use 
Sample 1 to estimate ©, Then, we apply the set of parame- 
ters represented by ©, to estimate the CLV of customers 1n 
Sample 2 In other words, we use Sample 1 to calibrate the 
model and Sample 2 to validate the model The validation 
sample results in a mean absolute percentage error of 17%, 
which 18 deemed to be reasonable 

To estimate Ө», we use Ө, to compute the CLV for all 
customers (1 е , CE) as of month t (e g , January 2004) and 
then measure the MC (based on the observed stock price) as 
of the end of month t (1e , January 31, 2004) We repeat this 
process for every month, while moving forward one month 
at a time for the period spanning January 2004 to July 2006 
Consequently, by July 31, 2006, we obtain 31 values of CE 
(as predicted by the parameters ın ©,) and 31 values of MC 
(as computed from the observed value of average stock 
price) We then use these 31 data points to regress MC on 
CE and variables representing cash flow risk and unob- 
served factors The outcome of regression 1s parameter esti- 
mates for Ө, 

For Part 2 of this study, we use ©, and ©, to compute 
CE and to predict MC, respectively, for each month during 
a time frame from August 2006 to April 2007 Figure 3 pro- 
vides a brief overview of various timelines used for model 
estimation, validation, prediction, and tracking 


Results and Discussions for Part 1 


For the B2C firm, we report the coefficient estimates of the 
drivers of CLV ın Table 2 The reported values are the pos- 
terior means and variances In the interest of space, we pre- 
sent the parameter estimates only for the B2C firm For the 
B2B firm, the results obtained are similar to all coefficient 
estimates for the B2C firm, having 1dentical signs but dif- 
fering magnitudes A parameter 15 considered "not signifi- 
cant” if a zero exists within the 2 5th percentile and the 
97 5 percentile values of the posterior distribution for that 
parameter Note that the inclusion of lagged values of 
covariates facilitates prediction and interpretation of causal- 
ity Furthermore, we include a relationship duration indica- 
tor as a binary variable 1n all three models The value of this 
binary variable 15 1 for a customer who originated with the 
firm before January 2000 (1e, before the observation win- 
dow used for analysis) and 0 for a customer who originated 
with the firm on or after January 2000 (1e, within the 
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TABLE 2 
Parameter Estimates for the CLV Model 
(B2C Firm) 





Coefficientsa 
Independent Variables M Variance 
Level of Marketing Contacts 





Relationship duration indicator 3 868 0471 
Lagged level of market communication 682 0212 
Lagged average number of purchases 393 0176 
Lagged spending level 427 0274 
Loyalty program member 2 187 0262 
Lagged level of cross-buying 312 0481 
Recency of purchase — 162 0168 
Square of recency of purchase 009 0014 
Lagged average contribution margin 582 0467 
Purchase Incidence 
Relationship duration indicator 412 0386 
Lagged indicator of purchase 676 0526 
Lagged spending level 008 0012 
Lagged average contribution margin 101 0267 
Log of lagged level of contacts 007 0014 
Lagged level of cross-buying 281 0646 
Recency of purchase — 052 0087 
Lag of multichannel behavior 386 0375 
Contribution Margin 

Relationship duration indicator 091 0122 
Lagged contribution margin 729 0395 
Lagged average contribution margin 686 0267 
Lagged level of cross-buying 391 0291 
Loyalty program member 137 0156 
Log of lagged level of marketing 

communication 146 0217 
Lag of multichannel behavior 426 0428 
Lag of product returns 153 0354 


— 0621 0196 


aWe computed mean and variance using the 5th through 95th per- 
centiles of the posterior sample 


Lag of square of product returns 


observation window used for analysis) The results for all 
parameter estimates appear ш Table 2 The direction of the 
sign for all variables 1s consistent with previous research 
studies on CLV computation at the individual customer 
level (е g , Kumar, Shah, and Venkatesan 2006, Venkatesan 
and Kumar 2004) 

The results for the marketing contacts model show that 
the firm tends to contact a customer more frequently if that 
customer has historically been contacted frequently, made 
more purchases, spent more dollars with the firm, been a 
member of the loyalty program, and/or purchased a greater 
number of products The recency of purchase shows an 
inverted U-shaped relationship to marketing contacts, indi- 
cating that the firm tends to contact a customer who has not 
made a purchase 1n the recent past However, the firm's ten- 
dency to contact a person diminishes 1? the customer fails to 
make any purchase beyond a certain threshold 

The results for the purchase incidence model indicate 
that a customer 1s more likely to purchase if he or she has 
historically made a purchase, spent more dollars with the 
firm, been contacted by the firm through marketing 1nitia- 


tives, purchased a greater number of products, transacted 
through multiple channels, and/or not made any purchases 
їп the recent past 

The results for the contribution margin model indicate 
that the expected contribution margin of the customer 1s 
high if the customer has historically spent more, purchased 
a greater number of products, been enrolled 1п a loyalty pro- 
gram, been contacted by the firm through direct marketing, 
and/or shopped through multiple channels of the firm The 
contribution margin has an inverted U-shaped relationship 
to product returns, which 1s consistent with prior findings 

We use the coefficient estimates to calculate the CLV 
score for each customer as expressed 1n Equation 1 To get 
an idea of the distribution of CLV scores, we first rank all 
customers ın descending order Then, we aggregate cus- 
tomers into deciles so that each decile represents 10% of the 
customer base and the CLV corresponding to each decile 1s 
the average CLV of customers within the decile Such a 
transformation aids in displaying the distribution of CLV 


FIGURE 4 
Distribution of CLV Scores 
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Scores across customers 1n a diagrammatic form (as Figure 
4 shows) The distribution of CLV for both firms 1s heavily 
skewed For the B2B firm (see Figure 4, Panel A), the top 
20% of the customers account for 91% of total profits, 
while the bottom 20% have negative lifetime values For the 
B2C firm (see Figure 4, Panel B), the top 20% of the cus- 
tomers account for 93% of the firm's profits, while the bot- 
tom 30% are a drain on the company’s resources with nega- 
tive lifetime values For ease of explanation and further 
analysis, we divide the customer base of both firms into 
three discrete segments high CLV (the top 20% of cus- 
tomers for both firms), medium/low CLV (the middle 60% 
and the middle 50% of customers for the B2B and B2C 
firms, respectively), and negative CLV (the bottom 20% and 
the bottom 30% of customers for the B2B and B2C firms, 
respectively) 

Do customers who differ in CLV have any distinguish- 
ing demographic or firmographic characteristics? The 
answer lies 1n the results of the profile analyses Table 3 
captures the distinguishing characteristics of a typical high- 
CLV and a typical negative-CLV customer for the B2B 
firm and the B2C firm, respectively The results indicate 
that for the B2B firm, a typical high-CLV customer 1s a 
well-established multinational organization from a high- 
technology, aerospace, or financial services industry that 
employs more than 500 employees, has been 1n business for 
15—25 years, and has annual revenue in excess of $50 mil- 
lion In contrast, a typical negative-CLV customer for the 
B2B firm is a domestic organization from the chemicals or 
plastics industry that employs approximately 100—300 
employees, has been 1n business for 5—10 years, and has 
average annua] revenue in the range of $5-$10 million For 
the B2C firm, a typical high-CLV customer 1s a married 
woman, 1s 30—40 years of age, has a household income in 
excess of $95,000, lives 1n a house that 1s relatively close to 
the store, and 1s enrolled 1n the store's loyalty program A 
typical negative-CLV customer for the B2C firm 1s a single 
man, 1s 20—30 years of age, earns less than $60,000, lives in 
a rented apartment that 1s relatively far from the store, and 
15 not a member of the store's loyalty program 

Note that the results from the profile analyses do not 
necessarily 1ndicate that all customers having the profile of 
a high-CLV customer will have a high CLV, and vice versa 
for negative-CLV customers The profile analyses results 
merely indicate that, on average, there 1s a relatively high 
probability of finding high- and negative-CLV customers 
with the profile description in Table 3 

After conducting profile analyses, we test the relation- 
ship of CE to MC for different tıme horizons of CLV com- 
putation Essentially, we compute CLV with one-, two-, and 
three-year time horizons and evaluate the fit between the 
CE and the MC of the firm The results in Table 4 indicate 
that the CLV prediction with a three-year horizon results 
in the best fit between CE and MC for both the B2B and 
the B2C firms? In addition, Table 4 shows the extent of 


3The prediction of CLV beyond three years deteriorated the 
relationship between CE and MC This could be due to loss of pre- 
diction efficiency (at the individual customer level) beyond a time 
horizon of three years 
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TABLE 3 
Profile of a Typical High- and Negative-CLV Customer 





A The B2B Firm 





Firmographic Variable 


Typical High-CLV Customer 


Typical Negative-CLV Customer 





Industry type High-tech, aerospace, financial services Chemicals and plastics 
Number of years since Incorporation 15—25 years 5—10 years 
Domestic or multinational Multinational Domestic 
Number of employees >500 employees 100-300 employees 
Average annual revenue >$50 million $5-$10 million 


B: The B2C Firm 





Demographic Variable 


Typical High-CLV Customer 


Typical Negative-CLV Customer 





Age 30—40 years 20-30 years 
Gender Female Male 
Marital status Married Unmarried 
Type of dwelling Rent 


Household income 
Distance between residence and store 


More than $95,000 
Less than 10 miles 


Less than $60,000 
More than 10 miles 


Number of channels used for shopping 20r3 10r2 
Loyalty card membership Enrolled Not enrolled 
TABLE 4 TABLE 5 
Comparison of Model Performance Results for Linking CE and MC 
Model Parameter Estimate (SE) 
Performance NENNEN SEEMS T pz 
(R2) Variable B2B Firm B2C Firm 
Measurement Condition for CE-MC B2B B2C Intercept 16 21 9 62 
Equation Firm Firm (2 96) (181) 
= СЕ 347 186 
CLV computed with a one-year time horizon 26 28 (68) (42) 
CLV computed with а two-year time horizon 30 34 SOW 155 90 
CLV computed with a three-year time 33 38 (27) (18) 
horizon VAR_CE –5 96 -3 04 
| (133) (76) 
Measurement Condition for CE-MC CE x SOW 836 561 
Equation with CLV Computed Over a ( 817) ( 186) 
Three-Year Time Horizon CE x VAR. CE —1 142 —1 06 
393 329 
After adding measures of volatility and 48 46 Lag of MC ( 49 ) ( 45 ) 
vulnerability ( 06) ( 07) 
After adding past shareholder value 77 79 


improvement in the relationship between CE and MC when 
we include measures of risk (1e, SOW and VAR, CE) in 
the analysis The R-square for the model 1mproves by 1546 
for the B2B firm and by 8% for the B2C firm when we add 
the measures of risk There ıs a further improvement (R? = 
77% for the B2B firm and 79% for the B2C firm) when we 
include the lag of MC 1n the model to account for the 
impact of the omitted variables The improvement in 
R-square 1s statistically significant for all cases (after we 
account for changes 1n the degrees of freedom) 

Next, we evaluate whether measures of volatility, vul- 
nerabihty, and past MC values are significant predictors of 
MC (as specified in Equation 12) The results appear in 
Table 5 As we expected (and discussed previously), SOW 
and past MC have a positive umpact on MC, while VAR, CE 
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has a negative relationship to MC All hypothesized rela- 
tionships are statistically significant 

In summary, we obtain the best linkage between CE and 
MC when we predict the CLV for a three-year time horizon, 
include measures of volatility and vulnerability, and 
account for the effect of unobserved factors Thus far, the 
results help establish that the MC of the firm is closely tied 
to the CE of the firm Armed with these results, can the firm 
deploy marketing initiatives to increase the stock price of 
the firm? 

Previously, we observed a heavily skewed distribution 
of customer profitability (see Figure 4) This implies that 
different customers have different impacts on the firms’ 
bottom line To quantify the differential impact, we perform 
a simulation exercise to compute the change 1n CE after 


increasing the acquisition rate of the firms’ customers by 
1% and increasing the cross-buy (applicable for the firms’ 
retained customers) by one product Next, we apply the 
CE-MC relationship to calculate the corresponding change 
in MC Our results indicate that a 1% increase 1n the acqui- 
sition rate of customers could translate into a 14% and 
] 996 1ncrease 1n MC for the B2B and the B2C firm, respec- 
tively Similarly, an increase in cross-buying by one product 
across all retained customers could translate into a 53% 
and a 75% increase in the MC for the B2B andthe B2C 
firm, respectively (see Table 6 , Panel A) We repeat the 
simulation by applying the 1% increase 1n acquisition rate 
and the increase in cross-buying (by one product) for the 
high-CLV, medium-/low-CLV, and negative-CLV customers 
separately The results indicate that the lift in MC (ın per- 
centage terms) 1s three times as much when acquisition and 
cross-selling efforts are targeted only to high-CLV cus- 
tomers rather than to all customers of the firm Furthermore, 
the MC of the firm drops 1? the firm acquires the wrong cus- 
tomers (1e , customers who subsequently end up with nega- 
tive CLV), while the MC of the firm increases only margin- 
ally when negative-CLV customers buy an additional 
product (see Table 6, Panel A) 

The results in Table 6, Panel A, underscore the impor- 
tance of customer heterogeneity in driving firm value 
Therefore, 1t would be more impactful for the firm to 
improve acquisition and cross-selling for only the high- 


TABLE 6 
Measuring the Impact on MC 


A Expected Impact on MC due to Increase in 
Acquisition Rate and Cross-Sell 


Impact on MC 


B2B B2C 
Increasing Acquisition Rate by 1% Firm Firm 
For all customers T1496 719% 
For high-CLV customers T79% Т92% 
For medium-/low-CLV customers T 8% T20% 
For negative-CLV customers 430% 131% 
Increasing Cross-Buy by One 
Product 
For all customers T 72% T 83% 
For high-CLV customers 718 1% T 21 6% 
For medium-/low-CLV customers T 51% T 68% 
For negative-CLV customers T 21% T 18% 





B: Actual Impact on MC due to implementation 
of CRM Strategies 


Effect of CRM 
Strategies (Lift in 
CE) 


B2B B2C 


Customer Segment Firm Firm 
All Segments 194% 233% 
High CLV 44% 41% 
Medium/low CLV 20% 18% 
Negative CLV 8% 7% 





CLV customers rather than extending those improvements 
across all customers of the firm Marketing resources are 
potentially wasted when directed toward the wrong cus- 
tomers (e g , customers with a negative CLV) 

In Part 2 of our study, we advance the results of Part 1 to 
demonstrate how the two real-world firms deploy CLV- 
based differentiated customer management tactics and 
strategies We track the outcome 1n terms of the actual stock 
price movement of the firms 


Part 2: Lifting the Stock Price of the 
Firm 


Methodology and Results 


In our previous discussions, we showed the conceptual link 
between our key input, marketing interventions, and our key 
outcome, the stock price of the firm (see Figure 2) To put 
that concept into practice, any marketing manager who 
wants to implement the proposed framework would need to 
deploy marketing initiatives that are directed at increasing 
the CE of the firm We collectrvely refer to these marketing 
initiatives as CRM strategies We presented different CRM 
strategy options (see Kumar 2008) to the B2B and B2C 
firms used ın this study and asked for their cooperation in 
implementing one or more of these strategies to allow us to 
track the outcome in terms of the stock value of the firm 


Strategy implementation The B2B firm implemented 
the following CRM strategies (1) resource reallocation, (2) 
selective acquisition, and (3) multichannel behavior The 
B2C firm implemented the following strategies (1) cus- 
tomer selection (2) cross-selling, and (3) multichannel 
behavior 

The B2B firm implemented the resource reallocation 
strategy by reallocating a portion of marketing resources 
from the medium-/low-CLV and the negative-CLV cus- 
tomers to the high-CLV customers It 1mplemented the 
selective acquisition strategy by focusing customer acquisi- 
tion resources on prospective customers that matched the 
profile of the high-CLV customers The multichannel 
behavior strategy that both firms 1mplemented entailed 
offering special incentives to the high-CLV and the 
medium-/low-CLV customers to shop from more than one 
channel while directing negative-CLV customers to transact 
(including customer service) only through the online chan- 
nel The B2C firm implemented the customer selection 
strategy by selecting customers on the basis of their CLV 
score for proactive relationship-building initiatives, such as 
special rewards and shopping privileges The B2C firm 
implemented the cross-selhng strategy by sending promo- 
tion incentives (through direct marketing) to relevant cus- 
tomers to induce cross-buying The firm used proprietary 
cross-selling models to determine which product to offer to 
which customer The nature of the promotion incentives 
offered varied by the type and lifetime value of each cus- 
tomer For example, high-CLV customers were offered 
unconditional incentives to purchase a new product cate- 
gory, while some medium-/low-CLV customers and all 
negative-CLV customers were offered cross-buying 1ncen- 
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tives contingent on minimum spending ($30 on average) 
Implementation of these CRM strategies had a direct influ- 
ence on the principal drivers of CLV—namely, contribution 
margin, number of purchases, recency of purchase, cross- 
buying, and so on—thus increasing the overall CE of the 
firm As Table 6, Panel B, shows, the various CRM strate- 
gies showed an average CE lift of 19 4% for the B2B firm 
and 23 3% for the B2C firm during the observation period 

Table 6, Panel B, also summarizes the lift 1n CE (due to 
CRM strategies) by high-CLV, medium-/low-CLV, and 
negative-CLV customers As we expected, high-CLV cus- 
tomers showed the highest lift 1n CE after the application 
of relevant CRM strategies 


Evaluating the impact on stock price The marketing/ 
sales teams of the two firms were successful in implement- 
ing CRM strategies that resulted 1n an increase in the CE of 
the firm (see Table 6, Panel B) However, did this translate 
into any positive impact on the stock value of the firm? To 
find out, we compared the stock price movement of the two 
firms nine months before and after implementation of CLV- 
based CRM strategies (1e , nine months around July 2006) 
(see Figure 5) 4 We find that the percentage increases in 
stock price (relative to the July 2006 stock prices) for the 
B2B firm and the B2C firm are approximately 32 8% and 
57 6%, respectively, at the end of the observation window 
(1e , nine months after the CLV-based strategy 1mplementa- 
tions) However, to what extent can we predict such 
1ncreases 1n stock price on the basis of changes 1n CE? 

We apply the CE-MC relationship developed 1n Part 1 
to predict the MC of the firm for each future month t and 
repeat this procedure throughout the observation period of 
August 2006-Арпі 2007 (1e, we update the value of the 
CE and MC prediction for each month as new information 
becomes available) By doing so, we compute nine monthly 
values of MC based on CE predictions We then divide the 
MC by the number of outstanding shares of the firm to 
arrive at nine monthly average values of the stock price of 
the firm We plot these values over time and compare them 
with the actual average values of the stock prices of the two 
firms (see Figure 6) The results indicate that we can track 
the actua] movement of stock prices within a maximum 
deviation range of 12% to 13% 

Thus, implementation of CLV-based marketing strate- 
gies increases the stock price of the firm, and the increase 
can be reasonably predicted with customer-level drivers of 
the CE of the firm In such a scenario, the CEO would be 
interested ın whether such an increase in stock price can 
beat market expectations In other words, can the increases 
in the stock prices of the two firms be attributed to share- 
holder value creation? To answer this question, we compare 
the stock price movements of the two firms with Standard 
& Poor's (S&P) 500 index during the August 2006-April 
2007 observation period (see Figure 7) The S&P 500 1s a 
commonly used index by financial analysts to benchmark 


4Note that the strategies were actually rolled out by the two 
firms over a period of three months spanning from June to August 
2006 Consequently, we would expect to begin to observe the full 
benefits of the strategies after August 2006 
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FIGURE 5 
Actual Stock Price Movement 


A: The B2B Firm 
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the stock performance of a firm (especially for large firms) 
To adjust for differences 1n scale, we normalize the stock 
price and the index value movements to percentage changes 
with respect to a reference value We used the average val- 
ues of the stock prices of the two firms and the S&P 500 
index as of July 2006 (1e , the time immediately preceding 
CRM strategy implementation) as reference values Figure 
7 indicates that the stock prices of both firms consistently 
outperform the S&P 500 during the observation window 
The B2B firm outperforms the S&P 500 by 2 times as 
much, and the B2C firm outperforms the S&P 500 by 3 6 
times as much 

If we assume the performance of the S&P 500 index as 
the baseline expected performance of the two firms, the area 
between the curves (denoted by A and B in Figure 7, Panels 
A and B, respectively) can be attributed to shareholder 
value creation due to the CLV-based marketing strategies 
implemented by the marketing/sales teams of the two firms 
Note that the area between the two curves progressively 


FIGURE 6 
Actual Versus Predicted Stock Price 
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increases over time This 1s because the tactics and strate- 
gies the two firms deployed are expected to have some lead 
time before showing concrete results 1n the form of a dollar 
increase 1n revenue and stock price Furthermore, the pur- 
chase cycle of the B2B firm's customers 1s longer than the 
purchase cycle of the B2C firm's customers Consequently, 
the B2C firm shows a faster rise ın stock price than the B2B 
firm during the observation window after the deployment of 
CRM strategies 

We also benchmark the stock performance of the two 
firms by comparing it with the average stock performance 
of three of their closest competitors (as identified by the 
two firms and leading stock analysis portals) We find that 
the B2B firm’s stock increases by 32 8% during the obser- 
vation period, while its competitors’ stock goes up by an 
average of 12 1% over the same period Similarly, the B2C 





FIGURE 7 
Comparison of Stock Price Movement with the 
S&P 500 Index 
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firm’s stock increases by 576%, while its competitors’ 
stock goes up by an average of 15 3% over the same period 


Managerial Implications 


Expanding the Role of Marketing and the 
Marketer 

One of the greatest challenges that marketers face today 1s 
the marginalization of their relative importance to the firm 
(Nath and Mahajan 2008) Possible reasons lie ın the failure 
of the marketer to accurately prove his or her worth and/or 
the inability to relate marketing performance to reliable 
financial metrics (Lehmann 2004, Rust, Lemon, and Zeit- 
hami 2004) The proposed framework ın this study enables 
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marketing managers to deploy marketing initiatives at the 
customer level and to quantify the outcome through a high- 
level financial metric, such as the stock price of the firm By 
doing so, marketers can demonstrate the impact of the mar- 
keting organization on driving the boardroom’s primary 
agenda of increasing the overall value of the firm Conse- 
quently, implementation of the proposed framework bears 
the promise of augmenting both the scope and the 1mpor- 
tance of the marketer and the marketing function in virtually 
any organization A direct benefit of this could result in the 
marketing function being allocated a greater portion of the 
firm’s resources relative to other competing functions, such 
as information technology, manufacturing, and research and 
development 


Aligning the CMO’s Objectives with the CFO's 
Agenda 


Our study proposes a methodology to illustrate how market- 
ing strategies and tactics can be linked to financial mea- 
sures, and by doing so, we hope to bridge the gap between 
the CMO’s objectives and the CFO’s agenda This 1s impor- 
tant because more often than not, the performance metrics 
used by marketing (е g , advertisement recall, brand aware- 
ness, customer satisfaction scores, net promoter score) are 
not well appreciated by the CFO, who typically wants the 
performance impact to translate into the financial language 
that he or she understands The performance metric of MC 
1s well understood not only by the CFO but also by the CEO 
and other important stakeholders of the firm, such as the 
shareholders 


Managing Customers’ Profits and Cash Flow 
Risks 


Рпог research has clearly shown the benefits of customer 
centricity (e g, Shah et al 2006) and how CLV- or CE- 
based strategies can lead to increased profitability for a firm 
(е g , Kumar et al 2008, Rust, Lemon, and Zeithaml 2004) 
This study goes a step further to demonstrate empirically 
which customer-specific measures are responsible for dn- 
ving future profits, for which customers, and to what extent 
Furthermore, our framework recognizes that the future 
profit stream 1s susceptible to certain risks, which can be 
quantified through customer-centric measures, such as 
SOW and variance in CLV computation Consequently, our 
framework can help marketers manage profit and risk 
simultaneously through specific marketing interventions 
directed at specific customers 


Future Directions 


Thus study addresses the substantive topic of how marketers 
can increase the MC of the firm Although this has substan- 
tive managerial implications, we hope to motivate 
researchers to contribute further to this exciting stream of 
research The following 1s a discussion of some important 
issues that could be addressed by future studies 


Sustainability of Stock Price Gains 


Our study shows how the increase in CE can be linked to 
the increase 1n stock price and that the relationship exists 
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for at least nine months after the implementation of the rele- 
vant CRM strategies. However, ıt may be worthwhile to 
empirically test whether this holds true for longer time hori- 
zons Furthermore, ıt may be worthwhile to determine 
whether stock price gains are sustained when factoring 1n 
competitive actions and reactions For example, what would 
have happened ıf the marketing tactics of the two firms used 
in the study were imitated by competitors? Would the stock 
price have risen by the same level? Another possibility 1s 
competitors adopting a CLV-based framework and thus 
replicating the strategic actions of the two firms Would this 
marginalize the firm’s competitiveness and translate into a 
subdued gain in market value? These are promising areas 
for further research 


Applicability of Framework 


Our study ıs suitable for relatively large and mature pub- 
licly traded firms whose primary source of revenue 1s from 
doing business with their customers There may be cases in 
which some firms have other sources of sizable income, 
such as investments, rental fees, and licensing fees In such 
cases, Equation 11 can be modified by including more 
terms (in addition to the CLV) to acknowledge the addi- 
tional sources of cash flow that could significantly affect 
the MC of the firm Furthermore, this study estimates CLV 
over a future time horizon of three years During this 
period, both firms ın the study anticipate continuous growth 
and nonsaturation of their market However, this may not 
hold true for firms from other industries (е g , telecommuni- 
cations) that are experiencing market saturation In addı- 
tion, our assumptions may not be valid over longer time 
horizons, ın which firms 1n general may eventually exper- 
ence a slowdown 1n business because of the increasing dif- 
ficulty of acquiring profitable customers, leading to dimin- 
ishing contribution margins over time Future studies could 
address these 1ssues by extending the framework to differ- 
ent industry settings and/or time horizons 


Efficient Market Theory 


The proposed framework 1s based on the assumptions of 
efficient market theory Accordingly, we expect the stock 
market to respond efficiently 1n response to changes in the 
CE of the firm However, this would not hold true 1f effi- 
cient market theory 1s challenged For example, research in 
behavioral finance has shown that 1nvestors tend to react 
more strongly (and often irrationally) to bad news than to 
good news (Kahneman and Tversky 1979) In addition, 
stock prices 1п emerging markets are often influenced by 
investor sentiments rather than economic fundamentals 
(Barbers, Shlerfer, and Vishny 1998) In such a scenario, 
the relationship between CE and MC will be weaker than 
what we found ın this study 


Investing in Customers Versus Investing in 
Brands 


Our study gives examples of how investment 1n customer- 
based initiatives (e g , cross-selling, optimal resource allo- 
cation) can increase the CE and, thus, the MC of the firm 
What about investing in brands? Our contention ıs that 


firms should continue to invest 1n brands as long as doing so 
contributes to increasing CE and lowering cash flow nsk 
For example, a firm's investment in brand-related initia- 
tives, such as advertisements, can result 1n increasing the 
SOW of its customers and/or 1ncreasing the purchase proba- 
bility due to an increase in brand awareness Rust, Zeit- 
haml, and Lemon (2004) offer a compelling discussion on 
how investment in brands should be governed by CE 
Kumar, Luo, and Rao (2008) present an empirical frame- 
work to link brand value to CLV 


Conclusion 


The findings from this study empirically demonstrate the 
power of marketing 1n shaping firm value We also hope to 
equip the marketer with the means to broaden the scope and 
importance of marketing Will the CMO (or the senior mar- 
keter) rise to the challenge? Will the CMO be able to vindi- 
cate his or her role from being redundant (Nath and Maha- 
jan 2008) or most frequently fired (Welch 2004) to that of 
an invaluable executive within the organization? The 
answer has far-reaching implications on the future of how 
marketing will be perceived within firms 


Appendix 
Technical Details 


The formulation of Equations 2, 3, and 4 1s similar to the 
seemingly unrelated regression model structure, such that 
the predictor variables 1n the equations need not be the 
same We assume the covariance structure of the errors in 
Equations 2, 3, and 4 to be as follows 


Uy 0 1 
(Al) | ug, -N||O|, 
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Usi 0 О O23 933 
Such a covariance structure allows for correlation across the 
residual terms We fix сү to be equal to 1 to ensure model 
identification The covariance structure of the errors 
accounts for any unobserved dependence among MT, 
Buy,» and CM, By letting В = [Ву Bo, Bs] and а, = [04, Qo, 
04], the system-of-equations model gives rise to the likeli- 
hood specified 1n Equation 5 

We obtain the customer-specific intercept terms (for 
Equations 2, 3, and 4) from a multivariate normal 
distribution 


(A2) a, ~ MVN(AZ,, Za), 


where 


Z, = ар х 1 vector of customer characteristics, 
A=a 3 х p шайх of coefficients for the customer 
characteristics, 
Èo = а 3 х 3 variance-covariance matrix, and 
p=the number of customer characteristics used to 
capture heterogeneity 


We obtain the customer-specific coefficients (for Equa- 
tions 2, 3 and 4) from a multivariate normal distribution 


(A3) B, ~ MVN(¥2Z,, Хр), 


where 


Z, = ap х 1 vector of customer characteristics, 
V =а 3 х p matrix of coefficients for the customer 
characteristics, 
Ур = a 3 х 3 уапапсе-соуапапсе matrix, and 
р = ће number of customer characteristics used to 
capture heterogeneity 


For both the B2B firm and the B2C firm, p =3 For esti- 
mation, we assume diffuse and conjugate pnors for the 
model parameters We assume multivariate normal priors 
for ¥ and A Let dy denote the dimension of the V vector, 
then, the prior specification of Ф 1s given as V ~ МУМ у, 
Ур), where [iy 1s a dy-dimensional column vector of zeros 
and Xy = 100, where Igy 1s a (dy х dys)-dimensional 
identity matrix. Similarly, let d4 denote the dimension of A, 
then, the prior specification of A 1s given as А ~ МУМ (цд, 
Ул), Where u4 18 a d4-dimensional column vector of zeros 
and Ул = Iga, where Гад 1s a (da х d4)-dimensional identity 
matrix 

We assume inverse Wishart priors for the variance 
parameters The prior specification for УВ 15 given as 
Eg = IW(play, p), where р = 15 and Igy 1s a (dy х dy)- 
dimensional identity matrix 

Similarly, the prior specification for X 15 given as 
Xo, = IW(plaa, p), where р = 15 and Iya 1s a (da x da)- 
dimensional identity matrix. The prior specification for Ly 
15 given as Уу = Г№(1513, NT), where I; 1s a (3 x 3)- 
dimensional identity matrix For details on data augmenta- 
tion, refer to Cowles, Carlin, and Connett (1996) 
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Valuing Branded Businesses 


The authors develop and validate a conditional multiplier approach for valuing branded businesses The approach 
enhances traditional multiplier-based valuation by explicitly incorporating brand characteristics into the model The 
authors present theoretical arguments why, develop a model to demonstrate how, and provide an empirical 
illustration to show that brand assets are not fully reflected 1n contemporaneous margins, and therefore valuation 
accuracy can be improved by incorporating information about the properties of the firm’s brand asset directly into 
a valuation framework The authors find that brand metrics have statistically significant associations with valuation 
multipliers and add incremental explanatory power to accounting variables in explaining valuation multipliers Out- 
of-sample analysis shows a 16% improvement in the mean absolute error for predictions that take into account 


brand metrics compared with predictions based on accounting variables alone 


Keywords enterprise valuation, relative valuation, brand, conditional sales multiplier 


ith efficient financial markets, the market value of 
W: stock provides an unbiased estimate of the net 

present value of a firm's future cash flows As 
such, stock market valuation typically provides a reliable 
measure of a firm's value and can be used as a starting point 
in, for example, merger and acquisition discussions At 
times, however, an estimate of firm value 15 needed, but 
financial market data are unavailable This occurs, for 
example, when a firm 1s not publicly traded or when a valu- 
ation 1s needed for a business unit rather than the entire cor- 
porate entity 

In 2006, Pfizer sold its consumer goods business units 

to Johnson & Johnson Cadbury announced ш 2007 that 1t 
would be divesting 1ts North American beverage businesses 
In 2008, the Swedish government sold V&S, which 1s best 
known for its Absolut Vodka brand, as part of a drive to pri- 
vatize six state-owned companies The Swedish government 
also explored the possibility of splitting V&S into separate 
brands and selling each one individually Placing a value on 
these entities 1s complicated because they are branded busi- 
nesses, that 1s, the brand asset represents a sigmficant por- 
tion of the alienable value Traditional financial valuation 
approaches have difficulty in valuing businesses with sig- 
nificant intangible assets (Barth, Beaver, and Landsman 
1998, Lie and Lie 2002) Rarely do these traditional valua- 
tion approaches explicitly account for the incremental 
impact of intangibles, such as brand assets Instead, the con- 
tribution of brand assets to firm value tends to be dealt with 
1n an ad hoc or a subjective way 
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In this study, we present a conditional multiplier-based 
valuation approach that explicitly incorporates brand char- 
acteristics into the business valuation model Our objective 
15 to advance business valuation methodology by assessing 
whether valuation accuracy can be improved by incorporat- 
ing brand metrics into the valuation framework As such, 
the study has a different objective from research that tries to 
isolate and place a value on the brand asset (е g , Ailawadi, 
Lehmann, and Neslin 2003, Fischer 2007, Park and Srini- 
vasan 1994, Shankar, Azar, and Fuller 2007, Simon and 
Sullivan 1993, Srinivasan, Park, and Chang 2005, Sriram, 
Balachander, and Kalwani 2007) Our focus 1s on using 
brand information to enhance predictive accuracy 1n the val- 
uation of a branded business as an entire entity 

Analysis focused on prediction requires incorporating 
methodological considerations that are different from analy- 
sis focused on assessing causal effects (Shmuel 2009, 
Stock and Watson 2006) In particular, for prediction-based 
analyses, (1) measures of explanatory power, such as R- 
square and mean absolute error (MAE) are important, (2) 
omitted variable bias 1s not a problem and 1s actually desir- 
able because 1t captures omitted 1nformation that enhances 
the information content of the variables included in the 
model, (3) the coefficients 1n forecasting models are not 
directly 1nterpretable as structural parameters but rather are 
reduced-form estimates, and (4) external validity 1s para- 
mount—that 1s, the model estimated using historical data 
must hold out-of-sample We develop and test our condi- 
tional multiplier model following these considerations 

We apply our branded business valuation methodology 
to Young & Rubicam's Brand Asset Valuator (hereinafter, 
Y&R BAV) data Our empirical analysis indicates that valu- 
ation can be significantly improved by incorporating infor- 
mation about the characteristics of the firm’s brand asset 
into a valuation framework We find that brand metrics have 
statistically significant associations with valuation multipli- 
ers and add incremental explanatory power to accounting 
variables 1n explaining valuation multipliers Out-of-sample 
analysis shows a 16% improvement in predictive power (as 
measured by mean absolute prediction error) for predictions 
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that account for brand metrics compared with predictions 
based on accounting variables alone 


Valuation Approaches 


A host of different approaches to business valuation exists 
Although these frameworks make different assumptions, 
they share some similarities and can be broadly classified 
into two general approaches (Damodaran 2002)! One 
framework 1s based on discounted cash flow (DCF) analy- 
sis This approach 1s referred to as a direct valuation 
approach and attempts to estimate the 1ntrinsic value of an 
asset on the basis of из fundamentals It relies on the net 
present value rule, which means that the value of an asset 1s 
measured on the basis of discounted expected future cash 
flows 

Although DCF 1s theoretically appealing, such an analy- 
sis 1s not easy to implement because of the inherent uncer- 
tainty associated with the future Undertaking a DCF valua- 
tion requires making projections of future cash flows and of 
a discount rate, which depends on the riskiness of the firm 
Both estimations are difficult to make, a great deal of judg- 
ment and guesswork 1s typically 1nvolved 1n coming up with 
the necessary inputs 2 This approach 1s particularly difficult 
to implement for initial public offerings, young firms, firms 
in dynamic industries, and firms with significant intangible 
assets (eg, patents, valuable brands) (Kim and Ritter 
1999) 

Because of the difficulties m implementing DCF valua- 
tion, relative valuation methods are commonly used as an 
alternative or complementary approach Relative valuation 
(also referred to as "comparable firm valuation" or "peer 
group valuation") 1s based on the premise that similar assets 
should be priced similarly As such, the value of an asset 
can be established according to how similar assets are 
priced in the market Under relative valuation, the value of 
an asset 1s determined on the basis of the pricing of assets 
having comparable characteristics 

Unlike DCF valuation, relative valuation bypasses the 
requirement for making future-term performance ргојес- 
tions Instead, ıt relies on the market mechanism to reveal 
the asset’s price The underlying assumption is that, on 
average, the market correctly prices assets, and therefore 


1Ап additional approach, contingent-claim valuation, has also 
been recently developed It uses option-pricing models to measure 
the value of assets that share option characteristics This approach 
is typically used for valuing traded financial assets and has not 
received much attention for valuing businesses (for an exception, 
see Chen and Zhang 2003) 

2Studies show that DCF valuation 1s affected by the interests 
and incentives of the party undertaking the valuation For example, 
Gilson, Hotchkiss, and Ruback (2000) report “strategic distor- 
tions” in DCF valuations of bankrupt firms They find significant 
relationships between DCF valuation errors and conflicting finan- 
cial interests of stakeholders in the bankruptcy negotiations 
Specifically, they find that DCF valuation errors are systematically 
related to (1) relative bargaining strength of clarmholders (junior 
versus semor), (2) existence of outside bids, (3) management’s 
equity stake, and (4) management turnover 
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the average valuation of assets having similar characteris- 
tics can be used to ascertain the value of another asset ? 


Multiplier Analysis 


Relative business valuation approaches make use of “multi- 
plier analysis” A set of similar businesses 1s identified and 
their market value 1s linked to a common standardizing 
factor, or value driver For example, firm value 1s often 
depicted as a multiple of an accounting measure, such as 
book value, earnings, or sales For example, 1t 15 common 
(Berger and Ofek 1995, Damodaran 2002) for firm value to 
be expressed as a function of its sales 


(1) Firm Value, = фи х Sales, 


where Firm Value, 1s a measure of the value of firm 1 at 
time t, Sales, 1s a measure of firm 1’s revenues at time t, and 
фу 15 the sales multiplier for firm 1 at time t The multiplier 
фу transforms the accounting sales measure (1e, the value 
driver) 1nto firm value 

For valuation purposes, sales 1s taken as a known input, 
and the key consideration 1s deriving a multiplier (ф) that 
can be applied to the sales figure to come up with a pre- 
dicted value of the enterprise For example, in the simplest 
version of the process, the valuation of a business could be 
determined by multiplying the sales of the business by the 
value-to-sales ratio of comparable publicly traded firms 1n 
the same industry Berger and Ofek (1995) use sales multi- 
pliers to 1mpute the implied value for each of the diversified 
firms’ business lines as if they were independent entities, 
and they examine the difference between a firm’s total value 
and the sum of imputed values for из business lines to 
examine the effects of business diversification 

As Liu, Nissim, and Thomas (2007) note, valuation 
based on multiples boils down a complex function of dis- 
count rates and future cash flows into a simple proportional 
relationship Predicted firm value equals the level of the 
value driver for the firm times the corresponding multiplier 
Because the multiple 1s an average or typical ratio of firm 
value to the value driver for a set of firms having similar 
characteristics, the key consideration ın relative valuation 
methods 1s determining which characteristics make assets 
similar or comparable 

Вћојгај and Lee (2002) argue that the choice of the peer 
group should be a function of the variables that drive cross- 
sectional variation in a given valuation multiple They sug- 
gest (p 434) that “any normative approach to selecting 
comparable firms should reflect the fundamental concepts 
that underpin equity valuation” and that an industry-based 
approach with firm-specific adjustments 1s a sensible way 
to capture these factors They show that predictive perfor- 
mance of multipliers can be significantly enhanced with 
more thorough and systematic peer group selection 


3A limitation of relative valuation methods 1s that because they 
rely on market valuation of simular firms, they are vulnerable to 
temporal out-of-sample maccuracy if an entire sector 15 consis- 
tently under- or overvalued at a given period 


Interindustry Effects 


As a Starting point, relative valuation analysis 1s typically 
undertaken at an industry or a business sector level to con- 
trol for business environment effects and for general future 
growth prospects Alford (1992) examines the impact of 
rules for selecting comparables (е 2, based on industry, 
size, and earnings growth) on the accuracy of valuation 
using multiples He reports that valuation errors go down 
when the peer group ıs based on industry affiliation 
Because industrial sectors are defined more narrowly—that 
18, when moving to the three-digit Standard Industrial Clas- 
sification (SIC) code level from the one- or two-digit 
level—valuation accuracy improves, but no error reduction 
occurs wben going from the three- to the four-digit SIC 
level Alford also finds that controlling for size and growth 
1n addition to 1ndustry membership does not improve valua- 
tion accuracy He concludes that 1ndustry membership 1s an 
effective criterion for selecting comparable firms 


Intraindustry Effects 


Although value multipliers have some stability across firms 
in the same industry, significant intramdustry differences 
can and do exist (Kim and Ritter 1999) That 15, even 
among firms within the same industry, firms may differ ın 
attributes that affect valuation and thus yield differing 
value-to-sales ratios For example, Johnson & Johnson paid 
$16 6 billion 1n 2006 for the consumer unit of Pfizer, which 
had annual sales of $3 9 billion at the time This 1s a value- 
to-sales multiple of 43 Procter & Gamble's 2005 purchase 
of Gillette for $57 billion represented a value-to-sales ratio 
of approximately 5 7 Prior research points to differences 1п 
profitability as the key factor explaining within-industry 
differences in multipliers 


Profit margin A sales multiple measures the value of a 
business relative to the revenue ıt generates Although ıt 
offers some advantages over other multiples (e g , a sales 
figure 1s easily available and 1s less subject to accounting 
distortions and transitory fluctuations than other accounting 
metrics), the sales multiple does not reflect differences in 
profitability across firms Indeed, a firm can be generating 
sales but losing money A firm must be able to generate 
cash flows over the long run for the business to have value 
Differences in business value are related to differences in 
profit margins Damodaran (2002) provides a model that 
shows how the sales multiplier 1s an increasing function of 
profit margin That 1s, all else being equal, firms with higher 
margins should have higher value-to-sales multiples He 
finds empirically for specialty chemical firms that a 1-unit 
increase ın net margin 15 associated with a 5 71-umt 
increase 1n the sales multiplier 

Indeed, several studies document the role of incorporat- 
ing earnings and margins ш enhancing the accuracy of rela- 
tive valuation methods For example, Boatsman and Baskin 
(1981) report that valuation accuracy increases when com- 
parable firms are selected within the same industry on the 
basis of similarity of earnings growth Barth, Beaver, and 
Landsman (1998) and Barth, Elliott, and Finn (1999) also 
find systematic relationships between multiples and finan- 
cial performance and report that multiples tend to decrease 


as firm financial health decreases Bajaj, Dems, and Sarin 
(2004) provide further evidence that firm profitability has 
an economically important impact оп industry-adjusted 
multiplier ratios 


Intangible assets Prior research 1s much less clear on 
how intangible assets, such as brand, should be incorpo- 
rated into multiplier-based valuation analysis Most valua- 
tion approaches tend to view intangibles as affecting 
accounting fundamentals and, as such, as already being 
1ncorporated into multiplier analysis through their impact 
on contemporaneous accounting metrics For example, 
Damodaran (2002) argues that the impact of intangibles 15 
already reflected in higher profit margins and therefore 
should not be treated separately, because that would amount 
to double counting 

Barth, Beaver, and Landsman (1998) follow a simular 
logic ш their study They begin with a firm valuation model 
that defines firm value as an additive function of recognized 
net assets (book value of equity) and unrecognized net 
assets (1e, intangibles) Because unrecognized net assets 
are not directly observable, they argue that net income pro- 
vides information about the unrecognized intangible assets 
Consistent with their arguments, they find that net income 1s 
more informative 1n explaining firm value 1n industries with 
high levels of unrecognized intangibles than 1n industries 
with low levels of intangibles Their findings suggest that 
intangible assets (or at least a portion of intangible assets) 
are reflected in the contemporaneous financial performance 
of the firm 

However, current-term accounting measures may not 
fully reflect factors that affect differences in future-term 
profitability and valuation. Nonfinancial measures can pro- 
vide useful incremental 1nformation to accounting metrics 
in determining valuation For example, firms may have dif- 
ferent brand attributes that have long-term profit implica- 
tions Although the effects of some of these brand attribute 
differences are reflected 1n the current-term accounting 
metrics, some of the effects may be long-term or may occur 
only in the future In such cases, the effects will not be 
reflected 1n contemporaneous performance metrics (Mizik 
and Jacobson 2008) 

Kohlbeck and Warfield (2007) address the role of 1ntan- 
gibles in valuing firms in the banking industry They pro- 
pose that intangibles have two effects on the future cash 
flow stream As do Barth, Beaver, and Landsman (1998), 
Kohlbeck and Warfield argue that intangibles lead to greater 
earnings 1n the current period However, they also argue for 
an additional influence of intangibles that pertains to the 
dynamic properties of earnings They provide evidence that 
suggests that firms with greater intangibles have more per- 
sistent earnings This higher persistence results 1п a greater 
net present value of cash flows and a consequently higher 
earnings multiplier 


Incorporating the Impact of Brand 
Assets into Business Valuation 


Marketing theory and the empirical evidence has been con- 
sistent in highlighting the importance of brands in affecting 
financial performance (e g , Dekimpe and Hanssens 1999, 
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Pauwels et al 2004, Srivastava, Shervam, and Fahey 1998, 
Van Heerde, Helsen, and Dekimpe 2007) Brands increase 
the perceived value of products, thereby attracting cus- 
tomers and influencing customers’ preferences and choices 
(е g , Swait and Erdem 2007) This immediate brand impact 
can be reflected in a higher price premium, volume pre- 
mium, and revenue premium for the branded product 
(Ailawadi, Lehmann, and Neslin 2003, Keller and Lehmann 
2003, 2006) As such, some of the effect of brands 1s 
reflected 1n current-term sales and profit margins 

However, brands build customer loyalty and attachment 
and thus can affect future consumption patterns and firm 
nsk (Johnson, Herrmann, and Huber 2006, Keller 1993, 
McAlister, Srinivasan, and Kim 2007) In turn, this can 
affect a firm's future financial performance that 1s incre- 
mental to current-term effects Several marketing studies 
report a link between perceptual brand attributes (eg, 
Aaker and Jacobson 1994, 2001, Mitra and Golder 2006, 
Mizik and Jacobson 2008) or product market-based brand 
measures (Barth et al 1998) and a firm's future-term finan- 
cial performance Therefore, we hypothesize that brand 
assets have a direct impact on valuation multipliers, 1ncre- 
mental to their effect on current accounting performance 

To explicitly allow for the effects of brand assets on 
firm valuation, we can decompose the value multiple фу 1n 
Equation 1 into three components (1) the baseline amount 
(е 2 , the industry average), (2) the amount derived from the 
firm's current profitability being above or below the base 
level, and (3) the amount derived from the presence of 
brand assets that are above or below the base level (e g, 
industry average) This decomposition leads to the 
following 


(2) Firm Value, = [o(Baseline),, + o(Current Profitability),, 
+ (Brand), ] x Sales, + £y, 


where (Baseline), 1s the sales multiplier when firm prof- 
itability and the brand assets are at the industry average, 
(Current Profitability),, 1s the incremental sales multiplier 
due to firm profitability deviating from the industry average 
level, and ф(Вгапӣ), 1s the incremental sales multiplier due 
to the brand assets of a firm deviating from the industry 
average and 1s not reflected 1n current profitability 

The key element of Equation 2 1s that 1t allows the dif- 
ferences 1n brand assets across firms within a sector to be 
reflected not just ın different sales levels or through ап 1ndi- 
rect effect (1 e , running through the brand impact on current 
profitability) on the multiplier but also through a direct 
effect of brand on the multiplier 


Empirical Methodology 


To undertake a valuation analysis of a business, two inputs 
are required a measure of a firm's "value driver" and an 
appropriate multiplier The measure of the value driver 
(eg, sales) ıs available from accounting reports or profit 
loss statements, 1t 1s taken as a given input However, to bet- 
ter understand the interplay of brand effects 1n determining 
business valuation, we also undertook analyses assessing 
the effect of brand dimensions on the sales value driver We 


140 / Journal of Marketing, November 2009 


report this analysis 1n Appendix A. The determination of the 
appropriate multiplier 1s the focus of valuation analysis 


Assessing the Impact of Brand Assets on the 
Sales Multiplier 


Consider a valuation multiplier model of the following 
form 


(3) Value-to-Sales, =o, = 0, +B x X, 


T K 
Dy Y (К, t)x S(k, 0) + Ep 


t=lk=1 


where Value-to-Sales, 15 the value-to-sales ratio (фу) for 
firm 1 ın period t, X, 15 a vector of observed explanatory 
factors (which may include accounting metrics, such as 
profit margin, and nonfinancial measures, such as brand 
metrics), 0, 1s a firm-specific constant, (К, t) 1s an indicator 
function that takes the value of 1 1f the firm 1s 1n sector К for 
period t and 0 if otherwise, and € 1s a white-noise error 
Equation 3 depicts the value-to-sales ratio of a firm as a 
function of a yearly 1ndustry mean, a set of observed firm 
factors Ху, and a firm-specific constant 

Although Equation 3 can be estimated for publicly 
traded firms, 1t cannot be used to predict the value-to-sales 
ratio for other firms that are not publicly traded or for busi- 
ness units of publicly traded firms Other measures of the 
value-to-sales ratio, which are needed to estimate the firm- 
specific mean 04, are not available for entities that are not 
publicly traded 

Given the information available, what 1s the best way to 
use this limited information to generate value-to-sales pre- 
dictions? One approach would be to estimate Equation 3 for 
publicly traded firms using fixed-effects estimation, obtain 
an estimate of В, and then use this estimate to compute the 
value-to-sales multiplier of firm j as follows 


(4) $, 7 Bx X, * 10 0xS(k 0) 


Unlike Equation 3, the Equation 4 prediction model sets 
the firm-specific effect ot equal to zero because 0, 1s unob- 
served and cannot be estimated for private businesses How- 
ever, this constraint may well be inappropriate Indeed, о, 
might be a major component determining the value-to-sales 
multiplier 

An alternative approach would be to use an estimation 
model that does not make this unwarranted assumption and 
does not require information that 18 unavailable for predic- 
tion purposes Rather, the model specification can be modi- 
fied to use only information that 1s available for prediction 
purposes The resulting valuation multiplier model has the 
following form 


T K 
(5) $ 28x X, У У vk, 0x S, 0m, 
t=1lk=1 


The estimated coefficients from Equation 5 could then be 
used to generate the value-to-sales multiplier for firm j 


(6) à, 75x X, + Pk, x Sk, t) 


Equation 5 explicitly omits the firm-specific effects о, at the 
estimation stage To the extent that the firm-specific effects 
о, are correlated with explanatory factors in X,, the esti- 
mated effects of 6 will pick up some of their influence That 
1s, least squares estimation of Equation 5 will generate б 
estimates that compound the effects of X, and о, In other 
words, the model parameters estimated in Equation 5 are 
biased пе, E[$] = В) The bias reflects some of the impact 
of the unobserved firm-specific information in 0, The mag- 
nitude of the bias and the extent to which the unobserved 
information will be accounted for 1n the model depend on 
the classic omitted-variable bias conditions—that 15, the 
corr(o, Xy), the magnitude of œ, and the variation of а, 
compared with the variation of X, 

When the analysis 1s focused on the causal effect of an 
explanatory factor, 1t 1s more appropriate to use Equation 3 
and the fixed-effects estimator B because ıt 15 unbiased and 
reflects only the impact of X4 on 6,4 In the forecasting 
context, however, the issue does not revolve around obtain- 
ing an unbiased estimate of the structural parameters В 
(Stock and Watson 2006) Rather, the goal 1s to extract as 
much information content from the series X, as possible 
The estimated parameter 9 will be a biased estimate of В, 
with the estimate reflecting not just the effect of X, but also 
some of the impact of firm-specific effect о, In a forecast- 
ing context, this 1s desirable 1n that 1t improves predictive 
performance of the model Instead of seeking to minimize 
the effect of omitted factors, forecasting 1s enhanced by 
incorporating this additional information (“bias”) into the 
estimated effect5 As such, the biased estimate 6 15 more 
advantageous for use 1n a forecasting context For this rea- 
son, we choose Equation 5 for our empirical analysis 


Hypothesis Testing in the Presence of Correlated 
Errors 


A difficulty in undertaking analysis based on Equation 5 1s 
related to evaluating the statistical significance of the coef- 
ficient estimate 6 The problem 1s that because not all the 
impact of ot 15 captured by X,,, the error in Equation 5 has a 





4In the presence of measurement error, Equation 5 can yield 
more accurate estimates than Equation 3 Taking first differences 
to remove the fixed effects may exacerbate the effects of measure- 
ment error (Griliches and Hausman 1986) That 1s, the “signal-to- 
noise” ratio tends to be lower for differenced data than for levels 
data In this case, the researcher 1s faced with the unenviable task 
of choosing between omitted variable bias and measurement error 
bias Because our focus 1n on prediction rather than interpretation 
of the structural parameters, we face no such dilemma 

ЗИ 15 not uncommon for the magnitude of the bias to be large 
For example, the biased estimate Bm ht have the opposite sign 
from the structural parameter estimate б Because of this bias, no 
causal interpretation can be attached to the coefficient estimate of 
8 However, in the context of prediction, this bias 1s desirable It 
means that the variable 15 reflecting not only 1ts own impact but 
also the impact of other factors omitted from the model By 
reflecting some of the effects of these omitted factors, model pre- 


firm-specific component Ignoring this intrafirm correlation 
generates biased estimates of the standard errors and ren- 
ders standard statistical significance tests inappropriate 

Ordinary least squares estimation assumes that the error 
terms are independent and identically distributed The inde- 
pendence assumption 1s violated in panel data analysis 
when a firm-specific effect remains in the error term When 
both the error term and the independent variable are posi- 
tively autocorrelated, least squares estimates of the standard 
errors are biased and understate the true standard errors 

This 1s the spurious-regression phenomenon highlighted 
by, for example, Granger and Newbold (1974) in the time- 
series context The conventional t-statistic does not have a 
standard normal limiting distribution, which invalidates the 
use of, for example, the t-distribution to test the hypothesis 
that a coefficient 1s statistically significant In the presence 
of autocorrelated series, the number of occasions when |t| 1s 
greater than 1 96 1s much greater than 5% The higher the 
autocorrelation 1n the series, the greater 1s the probability of 
observing a t-statistic above |1 96| (1e, the greater 1s the 
extent to which ordinary least squares standard errors 
understate the true standard errors) Although spurious 
regression 15 most widely discussed in a pure time-series 
context, 1t also comes into play 1n analysis of panel data 
For example, Kao (1999) shows that though 1 1s unrelated 
to the number of cross-sectional observations, the spurious 
regression problem increases with the number of time- 
series observations 6 

To circumvent this problem, we use cluster-robust stan- 
dard errors estimation (Arellano 1987, White 1984), which 
relaxes the assumption of error independence and allows for 
correlation within a “cluster” (1 е , observations coming for 
the same firm but 1n different years) Cluster-robust stan- 
dard errors are a generalization of heteroskedastic robust 
standard errors (White 1980) By assigning each observa- 
tion to a cluster, the approach allows for consistent esti- 
mates of standard errors 1п the presence of correlation of an 
unknown form within the cluster 

Rather than assuming that the error correlation 1s zero 
as in least squares analysis, cluster-robust standard errors 
are based on estimates of the covariance between residuals 
within a cluster Under the assumption that the covariance 
structure 1s the same across clusters, cluster-robust standard 





dictive performance will be enhanced In dramatic contrast to 
structural parameter modeling, all else being equal, coefficients 
for variables correlated with omitted factors are informative in the 
context of prediction 

SPetersen (2009) offers the insight that as the number of periods 
of data used ın the analysis doubles, ordinary least squares analy- 
sis assumes а doubling ın the amount of information However, 1f 
the explanatory factors and the error exhibit autocorrelation, the 
amount of unique information increases by a factor less than two 
Consider the extreme case when both the independent variable and 
the error follow unit root processes In this case, each additional 
observation provides no additional information and has no effect 
on the true standard error However, the standard error estimated 
from ordinary least squares assumes that each additional observa- 
tion provides additional unique information, and the estimated 
standard error shrinks accordingly and unduly 
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errors provide consistent estimates of the standard errors of 
the coefficients as the number of clusters grows The use of 
robust standard errors does not change the coefficient estr- 
mates but affects the standard errors and, therefore, the 
t-statistic 7 


Models 


The previously described estimation framework enables us 
to undertake empurical analysis to assess whether, which, 
and to what extent brand metrics provide incremental 
explanatory power to return on sales ın explaining the 
value-to-sales ratio We undertake this assessment using 
two models The first model (Equation 7) uses aggregate 
analysis and links the log of the enterprise value-to-sales 
ratio to return on sales, five brand metrics (differentiation, 
relevance, esteem, knowledge, and energy), and a set of 
sector-specific annual dummy variables that reflect different 
industry groupings 1n our sample 8 


5 
(7) 1080.) = 8, x ROS, + У Bp x Brand Asset, 
b=1 


т к 
+ У > vk, t)x S(k, +t 


t=lk=1 


The second model 1s similar in format to Equation 7, but 
it allows for sector-specific differences in the slope coeffi- 
cient That 1s, we estimate Equation 8 for each of our sec- 
tors separately 


7As a sensitivity check, we also estimated a model that allowed 
for autocorrelated (1e, dissipating) firm-specific residuals That 
1s, rather than assuming the same correlational structure for all the 
firm’s observations, as depicted by the firm-specific effects model 
and incorporated 1n the cluster-robust standard-errors model, the 
autocorrelated-errors model allows for a decay 1n the association 
for years further apart We obtained results similar to those we 
report We also undertook a simulation study to test the hypothesis 
that the coefficient estimate 6 1s statistically significant in the pres- 
ence of autocorrelated residuals We generated a bootstrap distrib- 
ution that mirrored the procedures of Granger, Hyung, and Jeon 
(2001) and Kao (1999) This enabled us to find the 5% critical 
value for the ratio of the coefficient estimate to the least squares 
standard errors We need to create a bootstrap distribution because, 
1n the presence of autocorrelation, the conventional t-statistic does 
not have a standard normal limiting distribution By comparing the 
ratio of the coefficient to the least squares standard errors, we can 
assess the statistical significance of the estimates All our conclu- 
sions are unaffected by this alternative specification, which 1s con- 
sistent with highly autocorrelated residuals having properties simi- 
lar to firm-specific effects 

8We also examined the role of other accounting measures For 
example, we considered an expanded model that also included 
earnings growth Far and away, the dominant accounting determi- 
nant of the multiplier 1s profit margin Although other accounting 
variables affect the multiplier 1n some segments, their effects are 
modest, and their correlation with the brand metrics is small 
Because the inclusion of additional accounting variables does not 
alter our conclusions, we present the more parsimonious modeling 
results 
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5 
(8) log(,) = 609; x ROS, + У, B(k), x Brand Assety, 
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T 
+ Ук, oxY( en, 
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where Y(t) 1s an indicator function that takes the value of 1 
if the period 1s t and 0 1f otherwise, and all other variables 
are defined as described previously 

By comparing the results from Equations 7 and 8 with 
the results from models that exclude the brand metrics, we 
can assess the extent to which brand metrics provide incre- 
mental predictive power to sectorwide effects and return on 
sales in explaining the enterprise value-to-sales ratio 


Related Research 


To the best of our knowledge, no study has directly exam- 
ined the extent to which brand assets have an incremental 
umpact on sector effects and current accounting perfor- 
mance in enhancing the prediction of valuation multipliers 
However, some studies share some commonalities with our 
investigation 

Kerin and Sethuraman (1998) assess the association 
between the market-to-book equity ratio and the Financial 
World estimate of brand value As we do, they link a brand 
metric to a stock market multiplier A central difference in 
the approaches 1s related to the use of accounting informa- 
tion reflecting profitability We include a measure of prof- 
itability (1 е , return on sales) ın our model, whereas they do 
not As such, ш contrast to Kerin and Sethuraman, we 
assess whether the brand asset has incremental predictive 
power to earnings information Kerin and Sethuraman note 
that their study confirms that the Financial World brand 
value estimate and the market-to-book ratio are jointly cor- 
related with cash flows Our analysis goes beyond an 
assessment of joint correlation and investigates the incre- 
mental predictive power of brand metrics 

Barth and colleagues (1998) report a market value equa- 
tion that includes earnings and the Financial World brand 
value metric as explanatory factors As such, although this 
was not the authors’ intent, this equation can potentially be 
viewed as a valuation model However, several issues limit 
conclusions that can be drawn from this analysis about the 
ability of brand metrics to enhance the accuracy of firm val- 
uation For example, their model does not include any 
sector-specific effects (e р, they do not include either ап 
intercept or a slope adjustment 1n their model to control for 
potential differences across industries) After taking compa- 
rables 1nto account, the Financial World metric may not be 
significant Their estimates of statistical significance are 
also subject to concerns about the failure to address auto- 
correlation 1ssues inherent in their market value metric 
Barth and colleagues recognize the autocorrelation 1n their 
Equation 1 and try to supplement their use of biased least 
squares standard errors with a statistic known as "Z2" 
However, subsequent research has shown that the Z2 mea- 
sure does not achieve this goal For example, Gow, Ormaz- 
abal, and Taylor (2008, p 7) state that Z2 produces “Туре I 
error rates rejecting a true null hypothesis more than 


30% of the time at the 1% level ш the setting where ıt 15 
most commonly used” 

There are also several concerns that are inherent to all 
studies using the Financial World estimate as a brand met- 
ric For example, the metric attributes all earnings 1n excess 
of a 5% return to brand effects To the extent that the firm 
has other factors leading to a return greater than 5% (eg, 
monopoly power, unique technological capabilities), the 
Financial World estimate may be inappropriately attributing 
excess returns to brand Furthermore, the Financial World 
measure 1s subjectively estimated, which creates the con- 
cern that the analyst estimating the brand value observes 
that the brand 1s trading at a higher multiple and then allo- 
cates this difference to brand value (1e, a higher multiple 
causes the brand estimate rather than the brand estimate 
causing the higher multiple) 

In summary, although prior research provides several 
key 1nsights, to date studies have not adequately addressed 
the extent to which brand metrics enhance the valuation of 
branded businesses This 15 the intent of our study 


Data and Measures 


We pulled data from three different sources to create the data 
set for our analyses We obtained brand asset measures from 
the Y&R BAV database The stock market data (prices and 
number of shares) came from the University of Chicago's 
Center for Research 1n Security Prices database We used 
Standard & Poor's COMPUSTAT database to obtain the 
necessary accounting measures to combine with the stock 
market data to compute enterprise value and accounting per- 
formance measures Table 1 provides a list of the financial 
variables we use 1п the analyses, their definitions, and 
respective COMPUSTAT data numbers for COMPUSTAT- 
based metrics 


Brand Asset Metrics 


Our branding data come from the Y&R BAV initiative, 
which has undertaken large-scale annual surveys of con- 
sumer brand perceptions since 2000 We use BAV data that 
were collected during the fourth quarter of each year for the 
period 2000-2006 In addition, Y&R undertook brand sur- 
veys on a sporadic basis before 2000, and we use data 
obtained in the two prior data collection waves (undertaken 


1n the first quarter of 1997 and the second quarter of 1999) 
for our out-of-sample analysis More than 2000 brands are 
included 1n each survey wave Among the surveyed brands, 
we 1dentified a set of 250 publicly traded monobrand firms 
(1e, firms that use a branded house strategy such that the 
vast majority of their business 1s aligned with a single brand 
name) for which complete accounting and stock market 
data are available for at least some of the 2000-2006 
period 

We focus on the five pillars of the Y&R BAV model 
perceived brand differentiation, relevance, esteem, knowl- 
edge, and energy Differentiation captures perceived distinc- 
tiveness of the brand Relevance measures consumers’ per- 
ceptions of personal relevance, appropriateness, and the 
importance of the brand Esteem assesses the level of regard 
consumers have for the brand and the valence of consumer 
attitude Knowledge ıs a measure of familiarity and under- 
standing of the brand 1dentity Energy measures consumers' 
perceptions of brand innovativeness and dynamism It 
reflects a brand's ability to meet consumers’ future needs 
and respond to changing conditions ? 

Raw BAV perceptual brand metrics are collected on dif- 
ferent scales, some on a seven-point scale and others as a 
percentage of respondents viewing the brand as possessing 
a given attribute To allow for comparability of the coeffi- 
cients and relative impact of individual brand attributes, we 
z-standardize each of the measures 


The Valuation Multiplier 


We use enterprise value/sales as our valuation multiplier 
We use enterprise value as our measure of firm value (1e, 





9See, for example, Mizik and Jacobson (2008) for a detailed 
discussion of the individual metrics and an overview of the five- 
pillar BAV model, which adds energy to the previous four-pillar 
BAV model (Agres and Dubitsky 1996) Although the BAV model 
and results have been widely discussed (e g , Aaker 1996, Keller 
1998), because BAV data are Y&R's proprietary material, BAV 
data have had only limited use in academic research Nonetheless, 
Y&R grants access to its data, and the data have been used in prior 
academic research (eg, Bronnenberg, Dhar, and Dubé 2005, 
Mizik and Jacobson 2008, Romaniuk, Sharp, and Ehrenberg 
2007) 


TABLE 1 
Variable Definitions for Firm i, Year t 


rr eee 


Variable Formula 


Market Capitalization, 
Enterprise Value, 


price, x shares, 
Operating Income, 


Sales, 4 
2. Salesq 
q=1 


Enterprise Value-to-Sales, 
Return on Sales, 


Market Cap; + Debt, + Minority Interest; + 
Preferred Stock, — Cash, 


4 
2 operating Income before Depreciation,, 
q = 


Enterprise Value,/Sales, 
Operating Income,/Sales, 


COMPUSTAT Data Items 


price x shares + (data51 + data45) + (data53 + 
data55 – data36) 
q 


data21,, where q is quarter in year t 
q 


4 
=1 

4 

Хаво, where q is quarter in year t 


Valuing Branded Businesses / 143 


the numerator) because our focus 1s on valuing a business as 
a whole We compute enterprise value of firm 1 ın period t 
as market capitalization of the firm plus its debt, plus 
minority interest and preferred shares, less total cash and 
cash equivalents 


Enterprise Value, = Market Cap, + Debt, + Minority Interest, 
+ Preferred Stock, — Cash, 


Enterprise value better reflects the cost of buying a 
company than market value in that, for example, 1t takes 
into account debt (which increases the purchase cost) and 
cash (which offsets some of the cost) Enterprise value sum- 
marizes the claims of all the security holders—debt holders, 
preferred shareholders, and minority shareholders, 1n addi- 
tion to the claims of common equity holders The enterprise 
value measure 1s neutral with regard to capital structure, and 
as such, ıt 1s more appropriate when analyzing companies 
that have different capital structures (Вћојгај and Lee 
2002) 

We chose to use sales as the standardizing variable (1 е, 
denomunator) rather than, for example, a measure based on 
earnings or book value for several reasons First, sales data 
are more readily tracked and available for the individual 
brands or business units of a firm than other performance 
metrics As such, if earnings data are unavailable, our model 
can still be estimated and used with only a slight modifica- 
tion of the estimating equation—namely, return on sales 
would be omitted as an explanatory factor Second, earnings 
and cash flows can be negative and will make valuation 
impossible or may introduce significant sample selection 
biases (Liu, Nissim, and Thomas 2002) Third, sales are less 
affected by accounting manipulation Because investors are 
now more cautious about relying on accounting earnings 
data, it 1s advantageous to use measures that are less 
affected by discretionary accounting choices (Damodaran 
2002) Finally, marketing managers are more comfortable 
thinking 1n terms of sales multiples However, because our 
model includes return on sales as a factor explaining the 
value-to-sales ratio, our analysis incorporates considera- 
tions addressed 1n analysis attempting to control for factors 
that affect the value-to-earnings multiplier 


Accounting Data 


We used the COMPUSTAT database to obtain quarterly 
accounting information, which we converted into annual 
measures Because some firms 1п our data sample have fis- 
cal years that end ın months other than December, we use 
the quarterly rather than the annual COMPUSTAT database 
For balance sheet 1tems, which we use 1n computing enter- 
prise value, we use the measure at the end of the calendar 
year For income statement items, we annualize the measure 
by taking the sum of the four quarterly values for the calen- 
dar year In addition to sales, operating 1ncome before 
depreciation 1s the other central income statement item 1n 
our analysis We measure the profit margin (1e , return on 
sales) metric as operating income before depreciation 
divided by sales 


Classifying Sectors 


Sales multiples differ across firms because of industrywide 
or sector-specific effects (e g, growth prospects, risk) 
Therefore, firms must be grouped together by sector Sev- 
eral different approaches, each with advantages and disad- 
vantages, have been used 1n prior research. Deciding on the 
number of sectors typically 1nvolves a trade-off between 
homogeneity and having a sufficient sample size to provide 
an accurate estimate of the sector mean While we under- 
took sensitivity assessments, for our primary analyses we 
focused on and allowed for seven different sectors (1) 
1ndustrial, (2) finance, (3) retail and apparel, (4) high tech- 
nology, (5) consumer nondurables, (6) consumer durables, 
and (7) travel and transport In our analysis, we allow for 
sector-specific annual effects (1e, the intercepts differ by 
sector for a given year) and for differential effects by sector 
(1e , the slope coefficients differ by sector) 


Summary Statistics 


Merging the three data sources resulted 1n. 1244 pooled 
cross-sectional time-series observations with a complete set 
of data available for the firm Table 2 provides summary 
mean statistics for the measures used 1n our analysis for the 
entire sample and by sector We observe a variety of 
notable, and expected, differences in the brand metric 


TABLE 2 
Sample Characteristics (Period: 2000—2006) 
Retail and Nondurable Durable Travel and 
Full Industrial Financial Apparel High-Tech Goods Goods Transport 
Sample Firms Firms Firms Firms Firms Firms Firms 
(Enterprise 
value/sales) 192 145 337 113 298 2 00 117 156 
Return on 
sales 171 152 325 121 201 187 137 143 
Differentiation 034 — 324 – 638 501 — 184 103 238 — 386 
Relevance 106 — 295 – 821 216 — 268 1 138 394 028 
Esteem 043 051 — 738 016 — 352 832 928 039 
Knowledge — 015 — 450 — 342 122 — 609 763 396 439 
Energy 027 432 — 685 — 244 652 — 401 554 — 261 
Number of 
observations 1244 128 80 395 304 181 57 99 


Notes The table reports mean values of each data item All brand variables are z-standardized 
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scores across sectors For example, the high-tech sector has 
the highest rating on energy, while the consumer non- 
durable sector has the highest ranking on relevance The 
mean of the enterprise value-to-sales ratio 1s 192 for the 
entire sample Substantial differences in the ratio exist 
across sectors The mean value-to-sales ratio 1s the highest 
for the financial sector (3 37) and lowest for the retail and 
apparel sector (1 13) These differences are associated with 
differences 1n margins That 1s, sectors with higher (lower) 
mean return on sales tend to have higher (lower) value-to- 
sales ratios However, as the histograms for the multiplier 
show 1n Figure 1, substantial differences 1n the enterprise 
value-to-sales ratio are observed between firms within a 
given sector 


Empirical Analysis 


Aggregate Analysis 
We begin our multiplier analysis by estimating a model to 
be used as a standard for comparison It involves regressing 
the log (value-to-sales ratio) on return on sales and annual 
dummy variables for all firms in our data set 10 Equation 
3 1 in Table 3 reports the results, which highlight the posi- 
tive association between return on sales and value to sales 
The estimated coefficient 1s 5 41 and 1s statistically signifi- 
cant at the 1% level 1! As we discussed previously, this 
finding 1s expected because firms with higher profit per dol- 
lar of sales create more value per dollar of sales than those 
with lower profit margins Both Equation 3 1 and Equation 
3 2 also include sector-specific annual dummy variables, 
though we do not report this 1n Table 3 The most notable, 
but also expected, feature of these dummies 1s that the coef- 
ficients for the high-tech sector dummues are higher than 
those ın any other sector This finding 1s consistent with the 
greater growth opportunities high-tech sector firms experi- 
enced during the study period The R-square statistic 1ndi- 
cates that the model 1s able to explain approximately 61% 
of the variation 1n the data, with return on sales accounting 
for approximately 60% of that explanatory power and the 
annual sector dummies accounting for ће remaimng 40% 
We expand Equation 3 1 to include the five BAV pillars 
(differentiation, relevance, esteem, knowledge, and energy) 
Equation 3 2 1n Table 3 reports the results of estimating this 
model (1e, Equation 7) We observe some evidence of 
brand effects Differentiation, relevance, and energy have 
positive effects (098, 069, and 070, respectively), but only 


10We work with logarithms of the value-to-sales ratio to mini- 
пите the role of outliers Other approaches (е g , Winsorizing the 
data) generate similar findings to those we report 

11 Although the difference 1n cluster-robust standard errors rela- 
tive to ordinary least squares standard errors differs by model, the 
difference 1s most notable for the estimated standard error for the 
return-on-sales coefficient The cluster-robust standard errors are 
approximately twice the size of the standard errors for ordinary 
least squares However, the extent of association 1s large enough 
so that conclusions as to statistical significance are not affected 
The increase ın the standard errors of the coefficients for the brand 
metrics 15 not as dramatic, but because the strength of the associa- 
tion 1s not that strong, conclusions regarding statistical signifi- 
cance are affected 


differentiation 1s significant at the 5% level, with energy 
significant at the 10% level Knowledge has a negative esti- 
mated effect (— 093), and it too 1s significant at the 10% but 
not at the 5% level 12 The estimated coefficient for esteem 
(— 016) 15 not significantly different from zero 

Although Equation 3 1 shows some statistically signifi- 
cant brand effects, the incremental explanatory power 
gained by adding brand variables to the model 1s modest 
The R-square statistic in Equation 3 2 ( 6335) 1s only 3 6% 
greater than the R-square statistic 1n Equation 3 1 ( 6115) 
Another indication of limited incremental increase in 
explanatory power gained by adding brand metrics to the 
model comes from an assessment of MAE (1e , the average 
of the absolute value of the error terms) The MAE from 
Equation 3 1 ıs 391, ıt 15 382 ın Equation 3 2 This ıs an 
improvement of only 2 4% The brand variables in Equation 
3 2 provide only a minor increase 1n predictive power over 
Equation 3 1, which does not take brand measures explicitly 
into account 

There are several possible reasons the brand variables 
provide only a limited increase in explanatory power One is 
that brand effects are already reflected in current-term 
accounting metrics That 1s, the financial market's anticipa- 
tion of brand effects reflected 1п the enterprise value may be 
captured 1n current-period sales and 1n current-term return 
on sales In other words, brand variables affect current- 
period sales and current-period return on sales, but the 
brand effects showing up 1n Equation 3 2 reflect only the 
effects incremental to those running through current-term 
accounting measures 

Another possibility 1s that brand effects differ across 
sectors Although the models in Table 3 include sector- 
specific annual dummy variables, which allow differential 
sector effects to influence the intercept, the specification 
does not allow the effect of profitability and brand (1e , the 
slope coefficients) to differ by sector To assess the possibil- 
1ty of differential brand effects by sector, we estimate sepa- 


12The negative coefficient for knowledge should not be inter- 
preted as brand familiarity causing a decrease 1n firm value First, 
as we discussed previously, the coefficient estimates cannot be 
treated as structural parameters The intent of the analysis 1s for 
the coefficient estimates to be as reflective as possible of the 1nfor- 
mation contained 1n the metric, which 1s central 1n a forecasting 
context, rather than ın isolating the causal effect of the vanable 
However, we can conclude that the knowledge metric, after con- 
trolling for other brand dimensions, 1s reflective of information 
that 1s negatively correlated with the value-to-sales ratio For 
example, the knowledge metric may have a positive correlation 
with the maturity of the firm The maturity of the firm 1s likely to 
be negatively correlated with future growth prospects and, thus, 
the value-to-sales ratio Therefore, the negative coefficient for 
knowledge may be reflecting some of this effect Second, as we 
report in Appendix A, knowledge has a significant, positive effect 
on sales Because the sales metric 1s in the denominator in the 
value-to-sales multiplier, this result indicates that the bulk of the 
performance effect of knowledge 15 associated with contempora- 
neous sales (the denominator) rather than with the forward- 
looking value measure, which is 1n the numerator of the multiplier 
metric Conversely, the positive coefficient for differentiation 1ndi- 
cates that 1t has a greater association with the future-term effects 
reflected in the value numerator rather than the sales denominator 
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FIGURE 1 
Within-Sector Distribution of Enterprise Value-to-Sales Ratios 
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rate models by sector If the effects of return on sales and 
brand assets differ by sector, aggregation across sectors 
could mask the role of brand 1n influencing the value-to- 
sales ratio Alternatively, because the effect of return on 
sales 1s also allowed to differ by sector, these sector-specific 
models could show that brand metrics have an even smaller 
effect than those reported 1n Table 3 


Sector-Specific Analysis 


Table 4 reports the results of the sector-specific analysis 
Equations 4 11-4 17 in Table 4, Panel A, report the esti- 
mated coefficients from the basic (1e, our standard for 
comparison) sector-specific model that links the value-to- 
sales ratio to return on sales and sector-specific annual 
dummy variables Return on sales has a statistically signifi- 
cant effect for each of the sectors, but the magnitude of the 
response coefficient differs across sectors It 1s largest for 
retail and apparel firms (8 97) and smallest for high- 
technology firms (3 74) 

Table 4, Panel B, reports the results of linking the value- 
to-sales ratio to return on sales, the five brand metrics, and 
sector-specific annual dummy variables (1e, estimating 
Equation 8) Equations 4 21-4 27 1n Table 4, Panel B, 
report the results Again, we observe significant differences 
1n the estimated effects 


TABLE 3 
Valuation of Branded Businesses: Aggregate 
Analysis Dependent Variable: Log(Enterprise 
Value/Sales) (N = 1244) 


T K 
Model 3.1: $. = 5, хАОЅ, + У, У, Yk, t)x Sk t) n, 





{=1_К=1 
5 
Model 3.2: ф, = 5, xROS, + у Bp x Brand Asset, 
I к a 
+>) Sk, 0xS( ђ+ ту 
{=1К=1 
Equation 3.1 Equation 3.2 
Estimate t-Statistic Estimate t-Statistic 

Return on 

sales 541“ 14 16 533" 14 98 
Differentia- 

tion 098* 2 44 
Relevance 069 1 17 
Esteem — 016 —27 
Knowledge – 093 -177 
Energy 070 191 
R2 6115 6335 
MAE 391 382 
*p« 05 
“p< 01 


Notes Each equation includes annual sector-specific dummy 
variables (not reported) t-statistics are the ratios of the esti- 
mated coefficient to the cluster-robust standard error MAE is 
the mean of absolute value of the forecast error, that is, 


[Enterprise Value, — Enterprise Value, | 


Industrial firms For industrial firms, there 1s evidence 
of a statistically significant association for energy, with an 
estimated coefficient of 148 The coefficients for differenti- 
ation, relevance, and esteem are both substantially smaller 
and insignificant Knowledge has an estimated effect that 1s 
similar to that of energy ( 155), but it 1s not statistically sig- 
nificant In terms of MAE, Equation 421 represents a 
17 4% improvement ın predictive power over Equation 
411 


Financial firms, durable goods firms, and travel and 
transport firms Three sectors—financial, durable goods, 
and travel and transport—have similar estimated models 
The estimated coefficients for return on sales 1n these sec- 
tors are similar at 4 81, 4 67, and 495, respectively Fur- 
thermore, for each of these sectors, the only brand metric 
with a statistically significant effect 1s differentiation Here, 
too, the estimated effects are similar (472, 304, and 382, 
respectively) In terms of MAE, brand metrics provide the 
greatest improvement їп predictive power for durable goods 
firms (30%), with a 16% improvement for travel and trans- 
port firms and a 7 6% improvement for financial firms 


Retail and apparel firms For retail and apparel firms, 
return on sales has a large estimated effect (8 83) None of 
the brand effects are significant individually, and the joint 
hypothesis that all five of the brand coefficients are zero 
cannot ђе rejected Consistent with the lack of effect, Equa- 
tion 4 23 provides only a 2% decrease in MAE compared 
with Equation 4 13 To verify this finding further, we con- 
ducted additional analyses, separating this sector into 
apparel firms and retail firms We find results consistent 
with the aggregate analysis Firms in both these subsectors 
share the common feature that their value-to-sales multi- 
plier 1s not affected by the brand attributes and 1s highly 
responsive to return on sales Indeed, the coefficient on 
return on sales for these firms 1s the highest among the sec- 
tors we examined 


High-technology firms Consistent with accounting lit- 
erature that notes that valuation models perform worst in 
dynamic industries, we observe the lowest R-square statistic 
and the highest MAE 1n the high-technology sector The 
impact of return on sales 1s also the smallest (3 98) for high- 
technology firms Current profitability 1s less informative 
about future performance than 1n other sectors We find sta- 
tistically significant effects for three brand variables differ- 
entiation, relevance, and knowledge Although differentia- 
tion and relevance have positive effects (185 and 416, 
respectively), the estimated effect of knowledge 1s negative 
(— 287) Equation 424 provides a 7% decrease in MAE 
compared with Equation 4 14 


Consumer nondurables For consumer nondurables, the 
return-on-sales effect 1s of a relatively large magnitude 
(7 44) Knowledge 1s the only brand asset that has a statisti- 
cally significant effect (191) The other brand metrics are 
statistically insignificant, and the jomt hypothesis that these 
four brand metrics as a group are equal to zero cannot be 
rejected Equation 4 25 shows an improvement in MAE of 
9% over Equation 4 15 
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TABLE 4 
Valuation of Branded Businesses: Analysis by Sector: Dependent Variable: Log(Enterprise Value/Sales) 
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Equation 
Equation Equation Equation Equation Equation Equation 417: 
411: 4.12: 4.13 4.14: 4 15: 4.16: Travel and 
Industrial Financial Retail and High-Tech Nondurable Durable Transport 
Firms Firms Apparel Firms Firms Goods Firms Goods Firms Firms 
Return on 652“ 5 14" 897“ 3 74“ 7 69“ 7 82“ 6 69** 
sales (b 42) (b 83) (15 85) (6 65) (9 64) (5 52) (13 29) 
Number of 
observations 128 80 395 304 181 57 99 
R2 6308 6648 5544 3747 7503 6369 7027 
MAE 283 340 347 520 224 289 362 
5 T 
B: Model 4.2: log(,) = б(К)„ x ROS, + У, B(k), x Brand Asset, + у, Y(k, t) x Y(t) - nit 
b-1 t=1 
Equation 
Equation Equation Equation Equation Equation Equation 4.27: 
4.21. 4.22: 4.23 4.24: 4.25: 4.26: Travel and 
Industrial Financial Retail and High-Tech Nondurable Durable Transport 
Firms Firms Apparel Firms Firms Goods Firms Goods Firms Firms 
Return on 6 22** 481“ 8 83“ 398“ т 44“ 467“ 4 95** 
sales (7 35) (7 33) (13 66) (7 90) (1 88) (5 95) (8 71) 
Differentiation 008 472* 041 185* — 086 304* 383** 
( 10) (2 09) (63) (1 96) (-1 84) (2 51) (3 00) 
Relevance 015 291 084 416* — 044 251 — 289 
( 16) ( 99) (83) (2 27) (– 62) (148) (1 87) 
Esteem — 037 — 029 055 — 207 — 025 — 175 032 
(— 36) (– 14) ( 60) (-1 23) (– 42) (-1 69) (17) 
Knowledge 155 — 053 — 061 — 287“ 191“ — 226 081 
(107) (– 26) (– 69) (-2 69) (2 92) (—1 93) (35) 
Energy 148** 110 — 026 098 131 093 066 
(3 32) (61) (— 39) (1 43) (1 75) (71) (52) 
Number of 
observations 128 80 395 304 181 57 99 
R2 7215 7391 5645 4711 7772 8021 7769 
MAE 241 316 339 486 205 222 313 
*р< 05 
“p< 01 


Notes Each equation (Models 4 1 and 4 2) also includes annual dummy variables t-statistics, which are the ratio of the estimated coefficient to 
the cluster-robust standard error, are in parentheses MAE is the mean of absolute value of the forecast error, that is, |Enterprise 


Value, — Enterprise Value, | 


Case Study Illustration 


To illustrate our conditional valuation multiplier approach 
and its relationship to other approaches, we compare fore- 
casts that can be generated for the enterprise value-to-sales 
ratio for Hewlett-Packard (HP) for 2005 Appendix B 
details the computations underlying this illustration In the 
four quarters of 2005, HP had total sales of $86,696 mil- 
lion, and its enterprise value was $76,298 million As such, 
1ts enterprise value-to-sales ratio was 88 

If this ratio was not available but rather needed to be 
predicted (1 e , enterprise value was not known), one com- 
monly used estimate would be the mean value of the multi- 
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plier for high-technology firms in 2005 This estimate 1s 
282 Another commonly used estimation approach would 
incorporate HP's profitability into the analysis (1e , use the 
parameter estimate 1n Equation 4 14 along with HP's return 
on sales) to generate a predicted value for HP's multiplier 
Thus approach, which reflects not Just the sector average but 
also the difference 1n HP's return on sales from the sector 
average, generates an estimated multiplier of 1 317 Using 
the approach we advance takes into account not just the 
industry mean and a firm's current-term profit margin but 
also the degree to which the firm's brand assets differ from 
the sector mean Using the Equation 4 24 parameters, along 


with measures of return on sales and brand assets, generates 
an estimated multiplier of 9658 

This case illustration shows that the yearly sector mean 
(2 83) substantially overstates the actual HP enterprise 
value-to-sales multiplier ( 88) Using HP-specific 1nforma- 
tion allows for enhanced forecasts Substantial improve- 
ment 1s achieved by accounting for the extent to which HP 
profitability differs from the sector mean (ie, the estimated 
multiplier ıs 1 317) Further improvement 1s gained by also 
incorporating the degree to which HP’s brand assets differ 
from the sector average (1e, the estimated multiplier 15 
9658) 

Note that the enterprise value-to-sales ratio for HP in 
2004 ( 68) was below the 2005 figure ( 88), though the pre- 
dicted value for 2004 (1 07) was above the 2005 prediction 
(1 e, the prediction error 1s a larger negative number n 2004 
than in 2005) Although this could merely be estimation 
error, 1t 15 consistent with other events taking place at HP In 
particular, Carly Fiorina was dismissed as chairman of the 
board and chief executive officer early in 2005 This man- 
agement change can be hypothesized to be associated with 
an increase in the multiplier It remains a direction for fur- 
ther research to determine whether further improvements 1n 
predictive accuracy can be achieved by extending our con- 
ditional multiplier methodology to mcorporate additional 
tangible and intangible asset considerations (e g., manage- 
ment quality) into our modeling framework 


Summary 


Analysis of sector-specific models provides different 
insights from those implied by the aggregate model While 
the aggregate analysis shows that Statistically significant 
brand effects offer little improvement in predictive power 
( e , only a 2 4% improvement in MAB), the sector-specific 
models suggest that the brand metrics provide substantially 
more predictive power Only for the retail and apparel sec- 
tor are brand variables as limited 1n their 1mpact as they are 
in the aggregate analysis For the other six sectors, we 
observe gains 1n predictive power ranging from 7% to 30%, 
with the average across these six sectors being 10% 


Sensitivity Analysis 

To assess the stability and validity of our results, we under- 
took several additional analyses In particular, we examined 
the performance of our valuation model out-of-sample to 
determine whether the conclusions drawn from Table 4 
extend to other periods We also undertook a factor analysis 
to assess whether a more parsimonious grouping of brand 
attributes would be more appropriate for valuation pur- 
poses Finally, we assessed the valuation framework by 
examining predictive performance of the model in the 
absence of profit margin data 


Out-of-Sample Predictive Accuracy 


Although assessments of statistical significance and 
improvement of within-sample predictive accuracy have 
merit, 1t 1s also useful to test how well the model parameters 
can be used out-of-sample to predict the value-to-sales 


ratio For example, because model parameters may not be 
estimated with sufficient accuracy or model parameters may 
change over time, differences may exist between 1n-sample 
performance and out-of-sample performance Indeed, a 
comprehensive model that offers superior explanatory 
power 1n-sample may yield inferior predictions to a more 
parsimonious model out-of-sample As such, we attempt to 
assess the ability of Equation 4 2 and the model parameters 
reported 1n Table 4 to predict value-to-sales ratios for peri- 
ods other than 2000—2006, the period for which the model 
parameters were estimated 

Young & Rubicam also engaged in brand surveys in 
1997 and 1999 We did not include these waves of data in 
our analysis because the sampling was at unequal intervals 
from the other survey waves we used 1n our analysis, which 
would have had an 1mpact on some of our analyses—an par- 
ticular, our sensitivity analysis based on an autoregressive 
error structure Excluding these years of data from the 
model estimation has the benefit of providing a means to 
conduct an out-of-sample assessment of predictive accu- 
racy Using the parameter estimates from Table 4, we assess 
how much predictive accuracy 1s gained by incorporating 
brand metrics into a value-to-sales multiplier model 

Table 5 reports the MAE across the six sectors 1n Table 
4 that show evidence of brand effects That 1s, we excluded 
retail and apparel firms from this analysis because Equation 
4 4 showed no role for brand effects in-sample (1 e , the езц- 
mated brand coefficients were both small and statistically 
insignificant), and therefore we had no reason to believe 
that they would provide any improvement ın predictive 
power out-of-sample Indeed, we confirmed this empiri- 
cally Table 5 shows estimates from four predictive models 
Model 5 1 uses the annual sector mean of the value-to-sales 
ratio as the prediction. Model 5 2 uses the annual sector 
mean and the return on sales for the firm multiplied by the 
estimated coefficients in Table 4, Panel A, to predict the 
value-to-sales multiplier Model 5 3 extends Model 5 2 by 
including brand metrics and the estimated coefficients from 
Table 4, Panel B Model 5 4 excludes return on sales and 
bases predictions on the annual sector mean and the brand 
metrics 

Model 5 1 has an MAE of 57 Accounting for return on 
sales reduces the MAE to 3483 (1e , a 64% improvement) 
Including brand metrics in the analysis further enhances 
predictive power, as the MAE falls to 2993—a 16% reduc- 
tion in prediction error As such, the out-of-sample 
improvement 1n predictive power 1s actually greater than the 
1n-sample results suggest (1e, only а 10% reduction ın 
MAE) Notable, predictions made both for firms for 1997 
and for 1999 show a similar 1mprovement of 1696 


Lack of Available Earnings Data 


In some instances, earnings data are not available for use in 
a valuation analysis This can occur, for example, because 
of the proprietary nature of earnings information Although 
sales typically can be obtained from outside sources, 
obtaining earnings data for a firm typically requires the 
cooperation of the firm’s managers This cooperation may 
not be forthcoming In such practical applications, valuation 
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TABLE 5 
Out-of-Sample Predictions for Years 1997 and 1999 


Mean Absolute Forecast Error (N = 161) 


Forecasting Models: 
51 Enterprise Value, = Sales, x [7(k, t)] 


52 Enterprise Value, = Sales, x [7(k, t) + (К); x ROS, ] 


5 
53 Enterpnse Value, = Sales, x [4(k, t) + 800; x ROS, + (КУ x Brand Assets] 


5 b=1 

54 Enterprise Value, = Sales, x [4(k, t) + У ё(к), x Brand Asset¢] 
b=1 

Model Explanatory Variables MAE improvement 
51 Sector yearly mean 5719 
52 Sector yearly mean, return on sales 3483 5 2 improvement over 5 1 = 64% 
53 Sector yearly mean, return on sales, BAV brand metrics 2993 5 3 improvement over 5 2 = 16% 
54 Sector yearly mean, ВАМ brand metrics 4366 5 4 improvement over 5 1 = 31% 


5 4 reduction compared to 5 2 = 25% 


а ш ——— Mc 
Notes We excluded firms in the retail and appare! sector from the analysis because of the lack of observed brand impact in-sample MAE 15 
the mean of absolute value of the prediction error, that is, |Enterprise Value, — Enterprise Value, | 


can proceed ın the absence of earnings information with a 
simple modification of Model 4 2, specifically, return on 
sales as an explanatory factor can be dropped from the esti- 
mating equation This modified model links the value-to- 
sales ratio to annual sector dummies and brand metrics To 
the extent that brand metrics are correlated with current- 
period return on sales, their estimated coefficients will 
reflect some of the effect of return on sales when it 1s 
excluded from the model 

We assessed the out-of-sample predictive power of this 
modified model As we report in Model 5 4 of Table 5, the 
model generated an out-of-sample MAE of 4366 This 
represents a 31% improvement ш predictive accuracy over a 
model based just on annual sector means However, 1t 15 a 
26% reduction 1n accuracy from predictions based on the 
sector mean and return on sales This reduction was 
expected given that not all the variation 1n firms' return on 
sales can be explained by brand attributes However, the 
improvement 1n predictive accuracy over the sector mean 
further supports the use of brand metrics for valuation 


purposes 


Factor Analysis Assessment 


We also undertook a factor analysis to examine the effects 
of collinearity ın our branding data and to ascertain the 
benefits of a more parsimonious specification Because the 
brand metrics are correlated with each other, collinearity 
may induce inaccuracies in the coefficient estimates 
Although collinearity still allows for unbiased coefficient 
estimates, they may not be estimated with sufficient preci- 
sion (as evidenced by larger standard errors) Even in the 
absence of collinearity (е g , because of estimation error), a 
parsimomous model can yield more accurate predictions 
than a more expansive model An approach for dealing with 
both potential issues 1s to conduct a factor analysis on the 
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brand metrics to reduce their dimensionality and then to 
relate the resulting factors to the value-to-sales ratio 

We undertook this analysis and obtained a two-factor 
solution One factor was relevant stature (a factor of an 
approximately equal weighting of relevance, knowledge, 
and esteem), and the other was differentiated energy (a fac- 
tor primarily based on differentiation and energy) We then 
replaced the five brand metrics 1n Equation 4 2 with these 
two factors Although we found statistically significant 
brand effects using these two brand factors, the explanatory 
power exhibited by the brand factors was noticeably dimin- 
ished compared with the models that allow for separate 
brand effects Relevance and knowledge both load posi- 
tively on one factor, but they tend to exhibit different asso- 
ciations with the value-to-sales ratio This observation 1s 
most prominent for the high-tech sector (1e, Equation 
4 24), for which relevance has a positive effect and knowl- 
edge has a negative effect Although factor analysis essen- 
tially makes use of the average of relevance and knowledge, 
the results of Equation 4 24 suggest that the difference 
between relevance and knowledge would be a more appro- 
priate measure 

Aggregation will always result 1n a loss of explanatory 
power within sample, but out-of-sample analysis sometimes 
may yield different conclusions. However, this 1s not the 
case here We found that the two-factor brand model had an 
out-of-sample MAE of 337 This represents only a 3% 
decrease 1n MAE from the analysis based only on sector 
effects and return-on-sales data and 1s a 13% increase in 
MAE compared with analysis that allows for separate 
effects for each of the five brand metrics As such, the out- 
of-sample analysis fully supports the in-sample analysis, 
indicating that an approach based on factor analysis 1s infe- 
rior to allowing for separate brand effects 


Conclusion 


We propose a conditional multiplier framework that incor- 
porates brand assets into a relative business valuation We 
demonstrate its use and performance using Y&R BAV 
brand metrics Not only do brand assets influence contem- 
poraneous accounting drivers of business valuation, but our 
analyses also show that brand assets influence firm valua- 
tion through direct effects on sales multipliers 

We find that brand metrics provide significant incre- 
mental explanatory power to profitability measures in 
explaining the value-to-sales ratio Incorporating brand- 
related information into the valuation model enhances out- 
of-sample predictive power by 16% However, the impor- 
tance and the impact of brand dimensions are different 
across sectors For the seven sectors we examine, brand 
metrics reduce 1n-sample MAEs from 2 4% ın retail and 
apparel to 3096 1n consumer durable goods 

Our goal was to assess whether brand metrics enhance 
predictions of the value-to-sales ratio. In this forecasting 
context, rather than trying to obtain unbiased coefficient 
estimates of the causal effect, the goal was to extract as 
much information from the brand metrics as possible As 
such, the estimated parameters for the brand metrics reflect 
not just their causal 1mpact on the value-to-sales ratio but 
also their ability to depict the effect of other factors omitted 
from the model In contrast to least squares standard errors, 
which tend to understate confidence intervals, we used 
cluster-robust standard errors that allow for the assessment 
of statistical significance in the presence of omitted firm- 
specific variables However, the coefficient estimates cannot 
be interpreted as structural parameters This makes ıt prob- 
lematic to attach causal interpretations to the estumated 
model coefficients 

However, we can report that brand metrics have differ- 
ent associations with the value-to-sales ratio across different 
industrial sectors For example, we find that differentiation 
1s the brand metric most reflective of information influenc- 
ing sales multiples in several sectors A possible explana- 
tion for this finding 1s that as product markets and services 
become more commoditized and the offerings are similarly 
priced, brand differentiation 1s a key factor in attracting 
consumers Differentiation 1s needed to stand out in the 
crowded space of similar offerings 

Notably, we find no association between the brand met- 
rics and value-to-sales ratio 1n our retail and apparel sector 
In this sector, profit margin 1s the only significant predictor 
of the value-to-sales multiplier Perhaps consumers’ tastes 
and preferences for apparel change too fast with the sea- 
sonal fashion, so current brand attitudes and perceptions 1n 
this sector have little predictive value incremental to profit 
margin about future financial performance That 15, 1f brand 
dimensions are not associated with information affecting 
current-term performance (sales or profit margin), they are 
not viewed by the financial markets as being likely to affect 
future-term performance 

There are several promising avenues for further research 
in this area First, we focus on the five key metrics that con- 


stitute the BAV model Other brand asset components might 
also add incremental explanatory power and improve valua- 
tion predictive performance in some or all sectors As part 
of additional sensitivity analyses, we find that the Y&R 
brand metric “gaming 1n popularity” 1s related to the value- 
to-sales ratio for firms 1n the retail and apparel sector How- 
ever, although it 1s statistically significant, the metric pro- 
vides only modest improvements ın explanatory power both 
in-sample and out-of-sample Still, the notion that other 
brand metrics might provide additional explanatory power 
should be explored further 

Second, other intangible assets, such as management 
quality, customer satisfaction, a firm’s mnovation strategy, 
measures of technological capabilities (е g , patents, patent 
citations), and product pipeline, may also play a role in 
influencing firm valuation and therefore may provide 
improvement in forecasting business valuation If consistent 
measures of other intangible assets are available, they can 
be easily incorporated into our valuation framework We 
view this direction as a particularly valuable avenue for fur- 
ther research 


Appendix A 
Assessing the Impact of Brand 
Assets on Sales 


Although sales 15 a given input into the valuation modeling, 
и 1s still useful to appreciate the extent to which brand 
assets affect not just the multiplier but also the value driver 
Consider the following sales model 


5 
(Al)  log(Sales) = А, + 2,6, x Brand Assety, 
b=1 
T K 
+У Wt o x sos, 


tz1 k=l 


where Sales, 1s total revenue of firm 1 in year t, A, 1s a firm- 
specific effect, Brand Asset), 1s a set of brand metrics, and 
S(kt) 1s an indicator function that 1s equal to 1 if the firm 1s 
in sector К for period t and 0 1f otherwise Prior research has 
documented that sales series typically have a unit root (and 
we confirm this with formal tests 1n our data), which 1s 
reflected 1n the error term in Equation Al This error term 
takes the form € = 2, _] + T, where rj, 1s a white-noise 
error To address this error structure, we take first differ- 
ences of the data, which removes the fixed effect and umt 
root structure of the error and yields the following 


5 
(А2 AlogGales,) = У 6, x ABrand Assety, 
b=1 


T K 
+>) MG 9 x ASKO + n, 
t=1 k=1 


While Equation A2 links sales growth to the change in 
brand assets, the coefficient 6, can be interpreted as depict- 
ing the effect of brand asset b on sales in Equation Al Ge, 
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the structural interpretation of the model parameters does 
not change under a first-difference transformation) 

The results of estimating Equation A2 appear in Table 
Al We find that two brand asset components, knowledge 
and esteem, have a significant impact on contemporaneous 
sales Among the five brand asset metrics, knowledge 
shows the greatest positive 1mpact on sales (073) This 
effect 18 significant at the 1% level Esteem also has a posi- 
tive impact on sales ( 031) and 1s significant at the 5% level 
Differentiation, relevance, and energy do not show stattsti- 
cally significant impacts on contemporaneous sales 

We assess the possibility that brand effects differ across 
sectors We reestimated Equation A2, allowing the effects 
of brand assets to vary by sector We did not find statisti- 
cally significant intersector differences The F-statistic of 
assessing the restriction that the brand effects are the same 
across the sectors was equal to 97 and below the 5% criti- 
cal value of 1 47 


TABLE A1 
Brand Impact on Contemporaneous Sales 
(Dependent Variable = Sales Growth; N = 943) 





5 
Model: Alog(Sales,,) =) 0, x ABrand Аѕѕеї, 
bz1 


T K 
Б У Gk уха + n, 
t=1k=1 





Estimate t-Statistic 

Differentiation — 00433 – 61 
Relevance 00619 39 
Esteem 03123* 220 
Knowledge 07259** 3 11 
Energy — 00760 -102 
*p« 05 

“p< 01 


Notes Each equation also includes annual sector-specific dummy 
variables (not reported) 


Appendix B 
Estimating the HP Enterprise Value-to-Sales Ratio for 2005 


Model Parameters 








Estimated 
Adjustment 
Data Inputs Coefficient 
for Return 
2005 High- on Sales 
Tech Sector 2005 HP (Equation 
Averages Input Data 4.14) 
Value-to-sales 2 823 
log(value-to- 
sales) 762 
Return on 
sales 214 084 374 
Differentiation 315 760 
Relevance 293 1072 
Esteem 466 1437 
Knowledge 635 799 
Energy 318 732 


on Sales and 
Brand Effects 


Forecasts 








Estimated Forecasted Multiplier 
Adjustment 
Coefficients Based on 
for Return Based on Sector Peer 


Sector Peer Group, Return 

Group and on Sales, 

(Equation Sector Peer Return on and Brand 
4 24) Group Only Sales Attributes 


2 823 1317 966 


Based on 


3 98 
185 
416 
207 
287 
098 


ад! brand variables are z-standardized 


Notes In the four calendar quarters of 2005, HP had sales of $86,696 million, and its enterprise value was $76,298 million We try to predict 
the enterprise value-to-sales multiplier for HP in 2005, which we assume is unknown, though it is. 88 
1 Using the 2005 high-tech sector mean multiplier value provides an estimate of 2 82 
2 If both the sector mean multiplier and the difference in profitability between HP and the sector are considered, this generates an esti- 
mated multiplier of 1 317 This is computed from the exponentiation of the logarithm of the high-tech sector average multiplier of 762 
plus the estimated coefficient for return on sales in Equation 4 14 times the difference in HP return on sales from the sector average, 


that is, 1 317 = exp( 762 + (3 74) x [( 084) — ( 214)]) 


3 If the sector mean multiplier, the difference in HP profitability from the sector, and the differences in HP brand perceptions from the 
sector mean are considered, this generates an estimated multiplier of 9658 This is computed from the exponentiation of the loga- 
rithm of the high-tech sector average multiplier of 762 plus the estimated coefficient for return on sales in Equation 4 24 times the dif- 
ference in HP return on sales and from the sector average and the estimated coefficients for the brand assets times the differences 
in HP brand assets from the sector average, that is, 9658 = ехр 762 + (3 98) x [( 084) — ( 214)] + (185) x [(- 760) — (– 815)] + 
(416) x [(1 072) — (- 293)] + (- 207) x [(1 437) – (– 466)] + (– 287) x [( 799) – (- 635)] + ( 098) x [( 732) – ( 318)]) 


—————————  ———————————————————————!——sÁ——————Ó—————— DP 'ánDÜÀ 
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Evaluating the Financial Impact of 
Branding Using Trademarks: A 
Framework and Empirical Evidence 


Firms spend considerable efforts to build brand awareness and associations among consumers Yet there is a 
limited understanding of the financial returns of such investments In this article, the authors present a framework 
that uses trademarks as measures of firms’ branding efforts They classify trademarks into two categories—brand- 
identification trademarks and brand-association trademarks—and propose that they are indicators of firm efforts to 
build brand awareness and associations among consumers, respectively The authors then evaluate the chain of 
effects linking such assets with metrics of firms’ financial value A longitudinal analysis of data collected from 
secondary sources reveals that the stock (i e , total number) of brand-association trademarks available to firms in 
time period t increases their cash flow, Tobin's q, return on assets, and stock returns and reduces their cash-flow 
variability in period t + 1 Furthermore, the authors observe that the stock of brand-identification trademarks owned 
by firms in period t — 1 influences the effects of brand-association trademarks on cash flow, Tobin's q, and stock 
returns Together, these findings provide useful insights into the financial value of branding 
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their budgets to build and manage brand equity 

(Madden, Fehle, and Fourmer 2006) However, 
they face increasing pressures to Justify the financial returns 
on such expenses (Srivastava, Shervani, and Fahey 1999) 
Consequently, brand valuation has taken a central role in 
both academic research and practitioner research (Salinas 
and Ambler 2008), with researchers and managers alike 
stressing continuing investigations 1n this area (Marketing 
Science Institute-Emory Marketing Institute 2007) 

Among the many issues studied, researchers have 
emphasized the importance of linking the consumer-based 
and financial-market-focused perspectives on brand equity 
(Keller and Lehmann 2006) The consumer-based view 
emphasizes efforts that build brand awareness and аѕѕосла- 
tions among consumers to enhance brand equity (eg, 
Keller 1993) In contrast, the financial-market perspective 


M arketing managers spend a considerable portion of 
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focuses on the financial outcomes of brand equity, such 
as shareholder value (eg, Kerin and Sethuraman 1998) 
However, because measures that capture consumer brand 
awareness and associations are often difficult to link 
with financial-market outcomes (Ailawadi, Lehmann, and 
Neslin 2003), there have been limited efforts to link the two 
perspectives 

Some researchers have attempted to bridge the two 
views (eg, Mizik and Jacobson 2008, Shankar, Azar, and 
Fuller 2008) The focus of such studies, however, has pri- 
marily been on finding the financial value of consumer 
brand associations, with limited attention devoted to under- 
standing the role of brand awareness Consumers' brand 
awareness 1s an important dimension of brand equity 
(Keller 1993) and 15 a prerequisite for building brand asso- 
ciations (Krishnan 1996) Consequently, mere valuation of 
brand associations may be insufficient Rather, an investiga- 
tion into the following question becomes important What 
are the financial returns to firms from building brand aware- 
ness and associations among consumers? 

We attend to this question ш this research Specifically, 
we present a framework that builds on the close relationship 
between brands and trademarks (Aaker 1991, Cohen 1986) 
to argue that firms’ trademark activities capture a significant 
portion of their branding efforts We classify trademarks 
into two broad categories—brand-identification trademarks 
and brand-association trademarks—and propose that they 
are indicators of firms’ efforts to build brand awareness and 
associations, respectively, among consumers We then eval- 
uate the links of these two types of trademarks with multi- 
ple metrics of firms’ financial performance 
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Our analysis confirms that both brand-1dentification and 
brand-association trademarks affect firms’ financial value 
In particular, the stock (1e, total number) of brand- 
association trademarks that firms own 1n time period t are 
observed to increase their cash flows, Tobin’s а, return on 
assets (ROA), and stock returns and to reduce their cash 
flow variability in period t + 1 Furthermore, we observe 
that the stock of brand-identification trademarks owned by 
firms ın period t — 1 influences the effects of brand- 
association trademarks on cash flow, Tobin's q, and stock 
returns 

Together, our findings provide useful insights into the 
financial value of branding and result in multiple theoretical 
and managerial contributions First, we provide a compre- 
hensive understanding of the chain of effects that links 
firms' efforts to build consumer brand awareness and asso- 
ciations with their financial performance Second, by using 
trademarks 1n brand-valuation research, we encourage mar- 
keting scholars to focus more on these objective and easily 
accessible assets 1n their research Last, many firms report 
that managers pay inadequate attention to trademarks 
(Bosworth 2003) Our findings should encourage managers 
to focus more on their firms’ trademark activities Next, we 
present our conceptual framework, discuss our methodol- 
ogy and results, and close with implications and limitations 
of this research 


Conceptual Framework 


Brand Equity and Its Dimensions 

Brand equity has been defined from multiple perspectives in 
the extant literature (Keller and Lehmann 2006) In this 
research, we follow the consumer-based perspective, which 
defines brand equity as “the differential effect that brand 
knowledge has on consumer response to the marketing of 
that brand” (Keller 1993, p 2) To understand how con- 
sumers store and access brand knowledge, researchers have 
built on extant memory frameworks laid out in the psychol- 
ogy literature (e g , Wyer and Srull 1989) 

With respect to brand knowledge, these frameworks 
1mply that the brand name or identifier 1s a central concept 
(Nedungadi 1990), which, when developed in memory, 
helps consumers recall important attribute and nonattribute 
associations they attach to the brand (Krishnan 1996) 
Attribute-based associations are the links that consumers 
hold between brands and product characteristics (or attrib- 
utes), such as unique product color, scent, package, shape, 
and sound (e в, Srinivasan, Park, and Chang 2005) Non- 
attribute-based associations include consumer perceptions 
of brand-use imagery or brand personality (Mizik and 
Jacobson 2008) 

The previously mentioned frameworks suggest that 
brand equity, as represented 1n consumers' memory, has two 
dimensions—namely, brand awareness and brand associa- 
tions, with brand awareness being a necessary precondition 
for the creation of strong brand associations (Keller 1993) 
Trademarks capture a significant portion of firms’ efforts to 
build brand awareness and associations among consumers 
We explain this argument in more detail next 


Trademarks: Definition, Types, and Link with 
Brand Equity 


The US federal law (Lanham Act, 15 USC § 1127 
[1982]) defines trademark as “any word, name, symbol or 
device, or combination thereof, adopted and used by a 
manufacturer or merchant to identify his goods and distin- 
guish them from those manufactured or sold by others” This 
definition parallels that of brand, which has been defined as 
"[a] name, term, design, symbol, or any other feature that 
identifies one seller's good or service as distinct from those 
of other sellers" (Bennett 1995, p 27), thus implying the 
close relationship between trademarks and brands 

Although trademarks have been recognized under U S 
law for a long time, the federal Trademark Act of 1946, 
commonly known as the Lanham Act, provides 1mportant 
guidelines for their precise definition and eligibility require- 
ments (Oathout 1981) Under the Lanham Act, to register 
trademarks with the US Patent and Trademark Office 
(PTO), the onus lies on the registrant firm to prove (1) that 
its trademarks are unique and/or (2) that consumers readily 
identify them with the firm (Melton 1979) Firms often 
establish these conditions ın courts by documenting adver- 
tising and promotional spending that links their brands with 
trademarks, by providing survey reports of consumers’ 
mental representations of their trademarks, or by presenting 
expert testimony (Jacoby 2001) These requirements ensure 
that a firm's trademarks are uniquely and strongly linked 
with its brands ш the minds of consumers, thus lending sup- 
port to our thesis that trademarks are a measure of a firm's 
consumer-focused branding efforts 

Furthermore, the legal criteria set by the Lanham Act 
and numerous subsequent court decisions have led to the 
registrations of various trademarks, which can be classified 
into two broad categories that parallel the brand-awareness 
and brand-association dimensions of brand equity discussed 
previously (see also the Appendix) The first category com- 
prises trademarks that are related to brand names (eg, 
Nike), brand logos or brand symbols (e g , Nike's swoosh), 
or à combination of the two Because such trademarks rep- 
resent brand identifiers, they capture a significant portion of 
firms’ efforts to build brand awareness among consumers 
We refer to names, logos, and symbols as brand- 
identification trademarks 1n this research 

The second category of trademarks encompasses the 
different attribute and nonattribute associations that con- 
sumers attach to brands Trademarks that capture attribute 
and nonattribute associations can be decorative or 1nforma- 
tional (US Trademark Manual of Examination Procedures 
$8 1202 03-1202 04) Decorative trademarks extend to 
design elements (eg, color, motion, packaging, scent, 
shape), whereas informational trademarks include slogans 
(е g , Nike's “Just Do It"), which may communicate 1mage- 
related messages that complement the brand (J acoby 2001) 
Together, this category of brand-association trademarks 
reflects a significant portion of a firm's efforts to develop 
consumer brand associations ! We subsequently describe 





'Certain aspects of a firm's branding strategy affect consumer 
brand associations but cannot be protected through trademarks 
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how the two types of trademarks, given their close relation- 
ship to consumer brand awareness and associations, may 
influence firm value 


Brand Equity, Trademarks, and Firm Value 


Industry experts often suggest that trademarks are important 
intellectual property assets that enhance shareholder value 
(е 2 , Davidson 2004) Several observations of industry 
practice also support this view For example, in 2007, the 
retail company Sears Holding Corp transferred some of the 
brand equity residing 1n its trademarks to a wholly owned 
legal vehicle to issue $1 8 billion in securities (Business- 
Week 2007) 

In examining the source of this value, we direct our 
attention to the two types of trademarks discussed previ- 
ously With respect to brand-1dentification trademarks, such 
as brand names, logos, and symbols, extant literature points 
to at least two characteristics that attest to their value poten- 
tial First, such trademarks enable consumer recognition of 
brands ın the crowded marketplace (Henderson and Cote 
1998) Second, brand identifiers also often serve as 1mpor- 
tant predictive cues of product performance to consumers 
(Erdem and Swart 1998) Therefore, we can expect that a 
strong regime of brand-identification trademarks positively 
affects consumer preference for the brand 

Beyond  brand-identification trademarks, brand- 
association trademarks may provide significant value to 
firms Brand associations, as reflected 1n such trademarks, 
have been argued to positively affect consumers’ brand- 
related attitudes (Keller 1993) Furthermore, a more com- 
plex network of associations has been shown to give con- 
sumers greater confidence in their attitudes (Pullig, 
Netemeyer, and Biswas 2006), which makes them less 
prone to attitude change (Pham and Muthukrishnan 2002) 
and helps attenuate the effect of competitors’ persuasion 
attempts (Pechmann and Ratneshwar 1991) In addition, 
firms may leverage consumer brand associations to intro- 
duce brand extensions, which can help firms enter new, 
often more profitable product markets (e g, Dacin and 
Smith 1994) 

Furthermore, there 1s evidence that a firm's efforts to 
build strong brand equity that 15 secured against dilution 
through trademarks have a positive 1mpact on its financial 
value Prior research has suggested that strong brand equity 
helps firms generate higher revenue premiums, reduce vul- 
nerabihty to competitive actions, increase long-term effec- 
tiveness of promotions, and lower promotional expenditures 
for subsequent brand extensions (е g , Ailawadi, Lehmann, 
and Мезип 2003, Slotegraaf and Pauwels 2008, Srinivasan, 
Park, and Chang 2005), all of which positively influence 
firms’ financial value (Mizik and Jacobson 2008) Indeed, 
researchers have emphasized the importance of trademarks 
1n protecting this value by drawing attention to the threats to 


____________-__-_-_________________-_. 
Nevertheless, we believe that trademark registration activities 
reflect a significant portion of firms’ efforts to create brand asso- 
ciations among consumers We thank an anonymous reviewer for 
this comment 
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brand equity from counterfeiting or trademark infringement 
(е g , Могтп, Lee, and Allenby 2006) 

Finally, trademark value can also be inferred from the 
manner in which firms often leverage trademarks through 
licensing (Jacoby 2001) Licensing involves a firm granting 
permission to a third party (1 e , a licensee) to use the firm’s 
trademarks in association with the licensee’s products and 
services 1n exchange for royalties For example, the leading 
pharmaceutical firm AstraZeneca licensed the trademark for 
its Prilosec heartburn medication and the color purple asso- 
ciated with the product to Procter & Gamble (P&G), which 
launched it as an over-the-counter medicine (U S Trade- 
mark Registration No 2806099) 

In summary, we expect that both brand-identification 
and brand-association trademarks are linked with firm 
financial value Furthermore, with respect to formulating 
the chain of effects that links these two types of trademarks 
with financial performance, extant consumer-based brand 
equity frameworks (e g , Keller 1993, Krishnan 1996) 1ndi- 
cate that the stock of brand-1dentification trademarks a firm 
owns provides a base (or a precondition) on which the firm 
can build a strong regime of brand-association trademarks 
to enhance 11 financial value 


Methodology 


Database Overview 
To evaluate our conceptual model, we compiled a data set 
by integrating 1nformation from several secondary sources, 
including Standard & Poor's COMPUSTAT database, the 
University of Chicago's Center for Research 1n Security 
Prices (CRSP), the PTO's Trademark Electromc Search 
System (TESS), and firms' annual reports 

The firms 1n the final sample were from the following 
industries beverages, apparel, computer and communica- 
tion equipment, confectionary, department stores, eating 
places, grocery stores, home appliances, jewelry, motor 
vehicles, packaged food, perfumes and cosmetics, software, 
and wine and malt beverages We focused on multiple 
industries to enhance the generalizability of our findings 
From these industries, we selected firms for which 1nforma- 
tion required for the analysis was available in the COMPU- 
STAT and CRSP databases for the period 1995-2005 

We focused on the 1995-2005 period for two reasons 
First, a longitudinal assessment helps increase the robust- 
ness of our findings and is 1n line with previous marketing 
research on brand valuation (е g , Bahadir, Bharadwaj, and 
Srivastava 2008, Rao, Agarwal, and Dahlhoff 2004) Sec- 
ond, and more 1mportant, several important legal develop- 
ments in the early 1990s (e g , the 1989 Trademark Revi- 
sion Act, the 1992 US Supreme Court ruling on 
nontraditional trademarks) increased the legal certainty of 
certain trademarks such as sound, scent, shape, and motion 
marks Such trademarks enable firms to establish and pro- 
tect important aspects of attribute-based consumer brand 
associations Consequently, an accurate measurement of 
brand-association trademarks, one of our key independent 
variables, necessitated the inclusion of these trademarks in 
our analysis Our assessment of trademark registrations by 
firms 1n our sample confirmed that the period following 


1995 most accurately captured sound, scent, shape, and 
motion trademarks ın the data set 

Overall, the foregoing criteria resulted in a sample of 
108 firms, with an approximately 50—50 split of manufac- 
turing and service firms In the following sections, we 
explain our measures 1n detail 


Measures 


Financial performance To evaluate the financial value 
of branding efforts, we focused on multiple measures of 
firms' financial performance First, we included cash flow 
and cash flow variability as the main dependent variables of 
interest ın this research Economic theory posits that a 
firm's ability to generate future cash flows determines the 
firm's value (Rappaport 1986) Indeed, given the impor- 
tance of cash flow to firms, a significant volume of research 
has emerged on this topic in the fields of finance and 
accounting (e g , Dechow, Kothari, and Watts 1998, Ismail 
and Choi 1996) In the marketing literature, Gruca and 
Rego (2005) document the importance of cash flows as 
measures of financial performance and provide guidelines 
to capture these metrics We followed their approach in cal- 
culating cash flow levels and variability in this research, 
using information collected from COMPUSTAT 

Second, although we focused on cash flow and cash 
flow variability, we recognize that there are alternative 
measures of shareholder value Therefore, to enhance the 
validity of our findings, we also included Tobin’s q, ROA, 
and stock returns as additional measures of financial value 

Tobin’s q, the ratio of a firm’s market value to the 
replacement cost of its assets, 1s a forward-looking measure 
that summarizes investors’ expectations regarding a firm’s 
potential to generate future revenues (Lindenberg and Ross 
1981) Previous research in brand valuation has also used 
Tobin’s q to evaluate the financial value of different brand- 
ing strategies (е g , Rao, Agarwal, and Dahlhoff 2004) We 
calculated Tobin’s q using the methodology that Chung and 
Pruitt (1994) outline, with information collected from 
COMPUSTAT and CRSP 

In addition to Tobin’s q, extant research on financial 
statement analysis (e g , Fairfield, Sweeney, and Yohn 1996) 
implies that financial ratios, such as ROA, provide informa- 
tion about future profitability to investors Therefore, we 
also included ROA as a measure of financial performance, 
using information obtained from COMPUSTAT 

Finally, we evaluated stock returns as an additional 
measure of financial value Researchers in marketing have 
increasingly adopted this forward-looking measure to eval- 
uate the value relevance of marketing activities and con- 
sumer brand perceptions (Luo 2009, Mizik and Jacobson 
2008) For our analysis, we used the Fama and French 
(1993) momentum multinsk market model to measure stock 
returns Specifically, we calculated the monthly stock 
returns for firm 1 1n mdustry j and month k (ST,,) using 
Equation 1 


(1) ST к= Xo + Xi X RM, RF, + %2 x НМІ + X3 x SMB, 
+ X4 X UMD, + Oy, 


where 


ST, = the difference between stock return for firm 
11n 1ndustry j and month k and the return on 
T-bills 1n k, 

RM RE, = the value-weighted return on all stocks 
listed in the New York Stock Exchange, 
American Stock Exchange, and NASDAQ 
less the one-month T-bill rate in month К, 

HML, = ће book-to-market factor adjusted for 
growth in month k, 
SMB, = the size-based risk factor in month К, 
UMD, = the monthly momentum factor (up minus 
down) ın month К, and 
Q, = residuals for firm 1 ın industry j and month 
k2 


Moreover, as Luo (2009) suggests, we corrected for serial 
correlations by regressing @„ on its lagged value and by 
using the predicted value (Wx) as the measure of stock 
returns Then, following Mizik and Jacobson (2008), we 
aggregated the monthly stock return data to annual for firm 
1 1n industry у and year t (RST,,,) using Equation 2 


12 
(2) RST, = ve [To + 9| 
К=1 


As а result, we obtained 924 annual stock return values for 
89 firms 1n our sample 


Trademark-based measures of brand awareness and 
brand associations We extracted detailed information on 
all trademarks registered by the 108 firms 1n our sample 
from the PTO TESS database up to the year 2005 Dunng 
this process, we retrieved the following information for 
each trademark serial number, registration number, year of 
registration, owner name, trademark description, trademark 
drawing codes, and status (Jive or canceled) While retriev- 
ing the trademark data, two authors with the help of two 
research assistants manually verified that the trademarks 
corresponded to the firm in question Overall, we identified 
22,060 live and registered trademarks Two independent 
coders then coded the trademarks as either brand- 
identification or brand-association trademarks A detailed 
coding plan was developed to assist the coders The plan 
included the definition and examples of the two categories 
of trademarks (examples were the same as those given in 
the Appendix) and a coding nomenclature 

In developing our coding plan, we followed the classifi- 
cations discussed previously Trademarks that included 
brand names and/or symbols in the description field were 
coded as brand-identification trademarks Furthermore, the 
coders identified trademarks specifying brand attribute or 
image as brand-association trademarks For example, they 
coded Target Corp’s trademark Archer Farms as a brand 
identifier but coded its slogan “Expect more Pay less” as a 


2Fama—French factors were downloaded from ћир //mba tuck 
dartmouth edu/pages/faculty/ken french/index html 
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nonattribute trademark within the category of brand- 
association trademarks Similarly, they coded Apple's 1Pod 
shape trademark as an attribute-based trademark, also 1n the 
category of brand-association trademarks 

Through this process, we identified 4146 brand- 
association trademarks and 17,914 brand-identification 
trademarks Initial coder agreement was high (8996), and 
the coders resolved their differences to produce a final set 
of codes Furthermore, to verify consistency of our trade- 
mark classification plan with experts 1n trademark law, we 
contacted a large midwestern law firm through a survey 
Thirty Jawyers completed and returned the survey ? Their 
overall agreement with our coding scheme was high (8896) 

Finally, we verified the coding of a subset of trademarks 
with the classification plan used by the PTO For motion, 
sound, scent, or shape trademark registrations, the PTO 
assigns a specific drawing code We extracted all trade- 
marks with this drawing code and evaluated their corre- 
spondence with our coding We identified no discrepancies 
with our classification Together, these steps gave us confi- 
dence that our measures adequately captured the branding 
efforts of firms ın our sample In the final analysis, we 
used the stock of all live brand-association and brand- 
identification trademarks available to a firm 1n a given year 
(е g , 1995) as our measures 


Controls In addition, following the work of Gruca and 
Rego (2005), we included several firm- and industry- 
specific controls ш our analysis We outline these 1n detail 
in the next section Tables 1 and 2 present details on the 
variables 


Model Formulation 


Both conceptual and empirical considerations shaped our 
model formulation First, our conceptual framework sug- 
gested that investments in building a strong network of 
brand associations increase a firm’s financial performance 
This 1s 1n line with previous research 1n marketing that has 
established that certain types of brand associations enhance 
shareholder value (e g , Mizik and Jacobson 2008) In our 
model, we accounted for this relationship by introducing a 
main effect of brand associations on the outcome variables 
However, we also posited that research 1n consumer behav- 
ior suggests that the effectiveness of brand associations 
depends on consumers' brand awareness (Krishnan 1996) 
We accounted for this relationship by incorporatng an 
interaction between brand-identification trademarks and 
brand-association trademarks on firm performance in our 
model 

Second, our sample design also determined our model- 
ing approach We used a cross-sectional and longitudinal 
panel sample with multiple levels of observations (by firm, 


ЗОп average, respondents were familiar with trademark laws 
(reporting an average of 5 43 on a seven-point scale measuring 
“How familiar are you with trademark laws?") and had an average 
legal experience of 15 1 years 
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industry, and period) Therefore, we used a growth model, a 
special case of random coefficients models, to estimate the 
impact of the two types of trademarks on firms’ value Such 
an approach 1s relevant for multilevel data and helps both 
model different sources of observed heterogeneity, which 1s 
common 1n nested designs, and account for any unobserved 
firm- and industry-specific effects (Bryk and Raudenbush 
1992) 

We modeled variation ın the financial outcome variable 
Ind; (1 e , cash flow, cash flow variability, Tobin’s д, ROA, 
and stock returns) for firm 1 ın industry j ın period t as a 
function of lagged earnings (Earn, _ 1) and the stock of all 
live brand-association trademarks (BrA,,_ 1) 1n period t - 1 


(3) Indy, = Во, + Biy x ВГА; 1 + Bay x ЕАКМ _ 1 + Et 


Furthermore, 1t 1s possible that there 1s heterogeneity 
related to firm-level characteristics Consequently, in Equa- 
tion 4, we modeled the variation in intercept and slopes as 
follows 


(4) Во = Yog + You X SIZE, + Yoz X RD, + Yog; X АР, 
+ Yoy X ТМ, + Noy; 
Biy = по + у X BrAwyg 2 + Ny and 
Boy = Yoo, + Nay 
where 


SIZE, = size of firm 1 1n industry J, 


RD, = research and development intensity of firm 1 in 
industry J, 
AD, = advertising intensity of firm 1 ın industry J, and 


ТМ, = trademark intensity of firm 1 ın industry J 


The normally distributed error terms то, Niy, and Nay 
captured unobserved effects specific to firm 1 1n industry ] 
Because we observed that advertising, research and devel- 
opment, and trademark intensities did not vary much during 
the 11-year time frame covered in our research, we aver- 
aged the values for each firm We then specified the estima- 
tion for capturing the variation 1n slope for ВгА у – | (Biy) 
Previously, we posited that brand associations are built on a 
firm’s prior efforts to build brand awareness among con- 
sumers As such, we expected that the variation in the 
impact of brand-association trademarks in period t — 1 
(ВгА у – 1) on financial performance and shareholder value 
in period t would be contingent on the stock of brand- 
identification trademarks available in period t — 2 (BrAw,;_ 2) 
To incorporate this interaction, we adopted recommenda- 
tions for conducting moderation analysis 1n random coeffi- 
cients models (Hofmann and Gavin 1998) and performed 
within-firm centering of our Level 1 variables in Equation 3 
(ВГА у -1 and Earn, - 1) 

Furthermore, because our sample draws from multiple 
industries, there may be heterogeneity in parameter esti- 
mates in Equation 4 as a result of industry effects There- 
fore, 1n Level 3 (Equation 5), we modeled the variation 1n 
firm-level effects (oo, Yio and yog) using 1ndustry-level 
variables The terms боо), бло, and 520) are normally distrib- 
uted and account for unobserved effects that are specific to 
industry ] 


TABLE 1 
Description of Variables 


——————————————————————————————————— 


Variable 

Cash flows (CF) 

Cash flow variability 
(CFV) 


Tobin's q (Q) 


ROA 
Stock returns (RST) 


Earnings (EARN) 


Advertising intensity 


R&D intensity (RD) 


Size (SIZE) 
Demand (DMND) 


Demand instability 
(INST) 


Market concentration 
(ННІ) 


Industry type (SERV) 


Brand-identification 
trademarks (BrAw) 


Brand-association 
trademarks (BrA) 


Trademark intensity 
(TM) 


Description Source 
Cash flows from operations (in millions of dollars) COMPUSTAT 
Ratio of firm’s quarterly cash flow coefficient of variation (standard COMPUSTAT 
deviation divided by mean for a given year) to market's quarterly cash flow 
coefficient of variation 
The following ratio [((number of common shares outstanding x share COMPUSTAT and 
price + liquidating value of preferred stock + book value of long-term debt + CRSP 
short-term liabilities — short-term assets)/(book value of total assets)] 
COMPUSTAT 


Ratio of net income before extraordinary items to total assets 


Abnormal stock price fluctuations after controlling for the average market 


CRSP and French's 


portfolio returns in three stock exchanges database 
Net income before extraordinary items (in millions of dollars) COMPUSTAT 
Ratio of firm's annual advertising expenditures to total assets divided by the COMPUSTAT 
industry's average ratio of advertising expenditures to total assets 
Ratto of firm's R&D expenditures to total assets divided by the industry's COMPUSTAT 
average ratio of R&D expenditures to total assets 
Logarithm of total number of firm employees COMPUSTAT 
Average five-year sales growth for industry COMPUSTAT 
Standard deviation of five-year sales growth for industry COMPUSTAT 
Herfindahl concentration index (HHI) (1e , sum of squared shares of firms COMPUSTAT 
in the industry) 
Dummy for service (1) versus manufacturing (0) firm 
Stock of all live brand-identification trademarks a firm owned in a given PTO TESS 
year 
Stock of ali live brand-association trademarks a firm owned in a given year PTO TESS 
Ratio of firm trademark registrations to total number of trademark PTO TESS 


registrations in the industry in a given period 


Notes R&D = research and development 


(5) тю = Одо; X DMNDy + ооуу x INST; + 04993 X ННІ, 


Finally, we applied an autoregressive structure to the 


+ 0004 X SERV, + Боо» 
Тој = M100 + бор and 
Yoo = Оооо + боо 
where 


DMND, = overall demand ın industry j ın репой t, 
INST), = demand instability 1n industry j m period t, 
ННІ, = market concentration ratio in industry у ın 
period t, and 
SERV, = indicator for service (1) versus manufactur- 
ing (0) for industry J 


residuals in the growth model to account for autocorrelation 
1n our data ^ We also conducted White’s test to ensure that 
residuals are homoskedastic for all outcome variables 


Results 


To estimate the growth model (Equations 3—5), we used a 
stepwise approach and modeled different sources of varia- 
tion (1e , within firm, industries, and over time) (Bryk and 





4We conducted a pooled Durbin- Wood test and found evidence 
for autocorrelation 1n our data 
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Raudenbush 1992) Table 3 provides detailed findings from 
the analysis 

Consistent with our conceptual framework, we observed 
that brand-association trademarks increase cash flows (В = 
7 820, t-value = 358) and decrease cash flow variability 
(В = – 044, t-value = —1 97) Moreover, we observed that 
brand-association trademark activity 1s positively associated 
with Tobin’s а (B = 007, t-value = 2 41), ROA (B = 051, 
t-value = 3 16), and stock returns (B = 003, t-value = 5 01) 
Together, the findings imply that a firm’s efforts aimed to 
establish consumer brand associations enhance its financial 
value Next, we found that the interaction between brand- 
identification and brand-association trademarks was posi- 
tively associated with cash flows (y= 019, t-value = 1 98) 
However, its impact on cash flow variability (y = 001, 
t-value = 45) and ROA (у = – 0004, t-value = —1 05) was 
not significant Furthermore, we observed that the inter- 
action term was negatively associated with Tobin’s q (y = 
— 0001, t-value = —1 96) and stock returns (у = — 0001, 
t-value = —202) As such, our findings provide mixed 
effects of brand awareness on firm value 5 

In addition to the effects of primary interest, we 
observed that prior earnings are positively associated with 
cash flows (3 = 248, t-value = 16 10) and ROA (В = 001, 
t-value = 3 27), however, prior earnings had a marginally 
negative effect on stock returns (В = — 001, t-value = —1 80) 
Next, with respect to the role of firm characteristics, our 
analysis revealed that larger firms generated greater cash 
flows (y = 937 23, t-value = 4 42) and greater ROA (y = 
2 249, t-value = 2 86) We also found evidence that relative 
branding efforts, as captured by a firm's trademark inten- 
sity, are associated with higher cash flows (y = 978 62, 
t-value = 3 85) and Tobin’s q (y= 478, t-value = 2 97) We 
observed that advertismg intensity was marginally nega- 
tively associated with ROA (у = –3 360, t-value = —1 83) 
Among industry characteristics, market demand was posi- 
tively associated with cash flows (0 = 1576 49, t-value = 
4 29) and stock returns (а, = 231, t-value = 3 35), but its 
impact was not significant for the other outcome variables 
The results also suggest that stock returns were greater in 
less stable industries (0 = 181, t-value = 2 52) Finally, we 
found that Tobin’s q was marginally greater in service- 
based industries than ın manufacturing industries (о = 641, 
t-value = 1 85) 


Robustness Check 


Model specification We also estimated alternative mod- 
els to test the robustness of our model specification First, 
instead of distinguishing between brand-identification and 
brand-association trademarks, we used a composite mea- 
sure capturing the stock of all live trademarks available to a 
firm in a given year as our key predictor variable Compari- 
son of fit indexes of the two approaches supported our 
model (Equations 3-5) for all five outcome variables 6 Sec- 
ond, instead of using the stock of all live trademarks as 





5Following our conceptual framework, we did not evaluate the 
main effects of brand-identification trademarks in our estimations 

6Model comparison details are available from the first author on 
request 


inputs in Equations 3—5, we evaluated a model including 
only newly registered live association and awareness trade- 
marks 1n a given year The significance patterns were robust 
to this specification as well However, the use of stock of all 
trademarks rather than only stock of newly registered live 
trademarks as inputs provided better fit with the data Third, 
we explored whether incorporating more lags in brand- 
identification and brand-association trademarks provided a 
better fit By applying Davidson and MacKinnon’s (1981) 
J-test, we confirmed that including the alternative number 
of lags does not invalidate our model Finally, we reesti- 
mated our model, including the square of lagged advertising 
intensity and square of lagged branding efforts, to 1nvesti- 
gate nonlinear effects (not reported in Table 3)7 The 
parameter estimates for the square of brand-association 
trademarks 1n Equation 3 were not significant with respect 
to all outcome measures except for stock returns, for which 
the estimate was negative and marginally significant (p « 
08) The parameter estimates for the square of brand- 
identification trademarks and the square of advertising 
intensity (AD,) in Equation 4 were also nonsignificant 
Moreover, 1nclusion of these terms did not improve the 
overall model fit or change the significance of other esti- 
mates reported 1n Table 3 We discuss these findings in 
detail 1n the “Implications” section 


Endogeneity Shugan (2004) suggests that a firm's past 
performance determines its marketing investments, there- 
fore, successful firms might engage 1n more trademark reg- 
istrations 8 Consequently, 1t was critical to test for potential 
endogeneity 1n our model specification Unfortunately, 
there are no established instruments that adequately capture 
firms’ branding investments However, on the basis of 
extant research 1n this area, we employed two sets of instru- 
ments to assess endogeneity 1n our analysis First, empirical 
findings indicate that a firm's number of brands and its 
sales, general, and administrative expenditures are related to 
its branding efforts (е g , Bahadır, Bharadwaj, and Ѕпуаѕ- 
tava 2008, Rao, Agarwal, and Dahlhoff 2004) Therefore, 
we used these as instruments We also employed the ratio of 
firm intangible assets to total assets as an additional instru- 
ment 1n this step The Hausman test failed to reject the null 
hypothesis of exogeneity for all five outcome variables 
Second, following McAlister, Srinivasan, and Kim’s (2007) 
approach, we checked for endogeneity using predicted val- 
ues of brand-association trademarks, earnings, and brand- 
identification trademarks, which we obtained from regres- 
sion of those variables on their respective one-year lagged 
values as instruments The results of this variable estimation 
procedure were consistent with our findings reported in 
Table 3 The Hausman tests also failed to reject the exo- 
geneity hypothesis for all dependent variables except for 
cash flows In addition to instrument variable analysis, we 
conducted a bivariate Granger causality test to evaluate 
noncausality among the dependent variables and the mea- 
sures capturing brand identification and association trade- 





7We thank an anonymous reviewer for this suggestion 
8We thank an anonymous reviewer for this comment 
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marks We used опе- and two-year lags of the outcome 
variables for the test (Greene 2003) The test did not sup- 
port the hypothesis that our outcome measures cause 
changes 1n the two types of trademark registrations Finally, 
we asked lawyers 1n our survey to indicate their agreement 
with the following statement “Only successful firms 
engage ш trademark registrations” More than 89% of the 
respondents disagreed with this statement On the basis of 
these observations, we believe that endogeneity does not 
present a serious problem in our analysis However, it 
should be noted that because there are no established instru- 
ments that adequately capture firms’ branding investments, 
and given the nature of our data, we cannot completely rule 
out endogeneity in our analysis 


Discussion and Implications 


Extensive research in marketing has encouraged marketing 
managers to focus on building brand equity by enhancing 
consumers’ awareness of and associations with brands 
(Keller 1993) However, the extant literature offers limited 
insights into the financial returns of such efforts (Keller and 
Lehmann 2006) The primary focus of our research was to 
offer a better understanding of the benefits of such a focus 

Specifically, we evaluated the financial value of brand- 
ing by linking trademark registrations of firms with their 
financial performance We broadly classified trademarks 
into two categories—brand-identification and brand- 
association trademarks—and proposed that they are 1ndica- 
tors of firms' efforts to build consumer brand awareness and 
associations, respectively Our examination of 22,060 trade- 
marks registrations of 108 firms, across multiple industries, 
and ın the period 1995-2005, confirms that efforts aimed to 
build brand awareness and associations among consumers 
have significant financial implications for firms Overall, 
we observed that brand-association trademarks positively 
affect firm cash flows, Tobin's q, ROA, and stock returns 
Furthermore, brand-association trademarks help reduce the 
variability of future cash flows Of particular significance 1s 
the observation that, on average, each additional brand- 
association trademark 15 associated with $78 milhon of 
future cash flows, a 05% increase 1n future ROA, and a 3% 
increase 1n the future stock returns of a firm In addition, the 
findings confirm that by improving consumers’ awareness 
of brands, firms enhance the future cash flows generated by 
brand associations 

Although we expected a similar positive effect of 
consumer-brand awareness on stock market measures, our 
analysis revealed otherwise We observed that increasing 
consumer brand awareness diminishes the positive effects 
of brand-association trademarks on stock returns and 
Tobin’s q There are two potential explanations for our find- 
ings? First, because it 1s difficult to find financial and 





?Following the suggestion of an anonymous reviewer, we also 
evaluated whether the presence of outliers in our data may explain 
this result We evaluated the presence of outliers using Cook's dis- 
tance and restricted likehhood distance parameters Reestimation 
of the model without potentially influential observations did not 
change our results 


accounting information for small or newly established firms 
from secondary databases, we were restricted to relatively 
large firms with established brands 1n our sample Conse- 
quently, investors might discount the brand-awareness 
efforts of such firms 

Second, the investor recognition hypothesis offered in 
finance literature may also explain our results (Merton 
1987) According to that hypothesis, advertising and other 
marketing efforts that increase a firm’s visibility among 
consumers also attract individual investors to the firm’s 
stocks (Grullon, Kanatas, and Weston 2004, McAlister, 
Srinivasan, and Kim 2007) ЈЕ has been documented that 
individual investors, as opposed to institutional investors, 
often face cognitive constraints and information collection 
costs, which restrict their ability to incorporate all relevant 
information (eg, changes in cash flows) accurately and 
instantaneously їп their stock valuation (Merton 1987) 
Consequently, financial models predict that increased 1ndi- 
vidual investor ownership of a firm's stock decreases its 
short-term stock returns (Merton 1987) Therefore, 1t 1s pos- 
sible that the brand-awareness efforts of firms attract more 
individual investors to their stocks, thereby attenuating the 
stock returns and Tobin’s q value of such firms To evaluate 
this thesis, we obtained stock-ownership information of the 
firms m our sample from the Thomson Reuters database 
Using median split, we classified our sample into two 
groups (high and low) according to the number of brand- 
identification trademarks weighted by the number of brands 
the firms owned A comparison of the proportion of stocks 
owned by individual (as opposed to institutional) investors 
in the two groups demonstrated that the proportion of indi- 
vidual investors owning the stocks was greater for the group 
of firms with more brand-identification trademarks (z = 
301, p < 05) Though not conclusive, this observation 
provides preliminary support for the investor recognition 
argument 


Research Implications 


By using trademark registration information to capture the 
financial value of branding, our study makes several contri- 
butions to marketing theory Furst, 1t addresses researchers’ 
recent calls to formulate new methodological approaches 
that bridge the gap between consumer-based and financial- 
market-focused perspectives on brand equity (Keller and 
Lehmann 2006) Extant research focusing on linking 
consumer-based measures of brand equity with shareholder 
value has primarily relied on proprietary data (e g , Mizik 
and Jacobson 2008, Shankar, Azar, and Fuller 2008), which 
may not be readily available to many researchers In con- 
trast, to capture brand equity, we provide a framework that 
uses trademark registration information, which is objective 
and easily available to all firms operating in the United 
States To the best of our knowledge, our framework 1s the 
first to discuss a categorization of trademarks within a 
branding framework Future researchers may find our clas- 
sification approach useful 

Second, extant research on brand valuation has provided 
rich insights into the financial value of different types of 
brand associations held by consumers (eg, Mizik and 
Jacobson 2008) but has paid limited attention to the role of 
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consumer brand awareness in influencing firm financial 
performance By confirming that consumer brand aware- 
ness influences the financial value of brand associations, 
our findings may encourage researchers to include brand 
awareness as an important dimension 1п models that capture 
the financial value of branding 

Finally, as mentioned previously, we did not find evi- 
dence for quadratic effects of branding efforts and advertis- 
ing intensity on firms’ financial performance It may be that 
there 1s an optimal level of branding and advertising efforts, 
beyond which such efforts lead to diminishing financial 
returns However, McAlister, Srinivasan, and Kim (2007) 
suggest that firms often lack the appropriate tools to deter- 
mine the optimal level of marketing spending and thus 
rarely reach the maximum level of financial performance 
This reasoning may potentially explain our findings as well 
However, although our analysis gives us confidence 1n our 
implications, our findings reflect the marginal effects of 
branding at the levels represented ın our data Further 
research might explore other firm and industry contexts for 
which nonlinear effects can be observed 


Managerial Implications 


This research also offers several important managerial 
insights First, our findings should assist marketing man- 
agers 1n more cogently communicating the financial value 
of branding to management This becomes especially 
unportant during lean economuc conditions, when firms 
may be inclined to make cuts 1n their brand-related invest- 
ments The results imply that such moves may lead to a 
potential loss of future financial value for firms Indeed, 
several instances from business practice also reveal that 
firms with strong brands, such as McDonald's, are able to 
raise prices despite a weakening economic environment 
(Colvin 2009) 

Second, scholars have noted that managers rarely work 
closely with the legal function of their firms (Bosworth 
2003) Therefore, ıt ıs likely that marketers may not be 
aware of the many categories of trademarks, such as color, 
scent, sound, shape, and motion, that have gained legal 
precedence only recently We hope that, given the value 
such trademarks generate, marketers will be motivated to 
work more closely with their firms' legal counsel 

Finally, this research may motivate firms to review their 
trademark portfolios more closely to uncover unappreciated 
trademark opportunities and to benchmark against the best 
performers Several examples from industry attest that a 
forward-looking and well-executed trademark strategy can 
help build and protect a firm's brand equity For example, 
part of Apple's success 1n building the strong 1Pod brand 
has been attributed to 1ts trademark strategy (Orozco and 
Conley 2008) Apple was proactive ın registering the iPod 
product name, and then it built on that name by registering 


164 / Journal of Marketing, November 2009 


additional 1Pod product shape trademarks The shape trade- 
marks enabled Apple to secure the iPod against competitive 
threats on 15 innovative design On the flip side, under cur- 
rent law, a firm may lose its trademark rights if 1t no longer 
uses the trademark in commerce Some firms have devel- 
oped businesses that resurrect unused trademarks, which 
negatively affects the original trademark owner and appro- 
prates any brand equity remaining зп the unused trademark 
For example, when P&G discontinued its White Cloud 
brand of toilet tissue, Wal-Mart, in a move unknown to 
P&G, overtook the trademark and adopted 1t to market 115 
private label of paper goods Marketers can avoid such 
potentially damaging trademark strategies of competitors 
by keeping a close eye on their own activities and on their 
competitors’ trademark activities 


Limitations and Future Research 
Directions 


Although we offer several important implications, our 
research suffers from a few limitations that bring to light 
avenues for future research First, our sample was restricted 
to Jarger firms This was prumarily a result of our focus on 
the metrics of financial value as dependent variables, for 
which longitudinal measures are available only for rela- 
tively large firms Further research might include smaller 
firms with newly established brands to investigate whether 
the value associated with branding efforts of such firms dif- 
fers from what we observed 1n our sample 

Second, we propose that trademarks are measures of 
firm branding efforts However, we realize that brand- 
association trademarks do not capture all the dimensions of 
consumer brand associations For example, as we noted pre- 
viously, firms are often limited in what they can protect 
through trademarks Many aspects of marketing strategy 
affect a brand's 1mage but cannot be protected through 
trademarks (eg, celebrity endorsements, sponsorship 
events, taste tests) Furthermore, it 1s not possible to capture 
the favorability or uniqueness of brand associations through 
trademarks Capturing such dimensions likely requires a 
multimethod approach In the future, researchers should 
focus on complementing trademark information with con- 
sumer attitudinal information to better capture the financial 
value of branding 

Finally, analysis that centers on financial performance 
as the dependent variable and uses secondary measures to 
capture branding efforts of firms 1s prone to endogeneity 
concerns Although we conducted several tests to ascertain 
whether endogeneity was a serious concern 1n our analysis, 
the lack of established instruments to capture firms’ brand- 
ing investments did not enable us to completely rule out the 
endogeneity problem Further research might aim to find 
better instruments for capturing branding efforts of firms 


APPENDIX 
Trademarks Classification and Examples 





Brand-Identification Trademarks 
Example Owner 


The Coca-Cola Co 


Category 


Word/name (no design) 


Coca-Cola 


Symbol (no wording) The Coca-Cola Co 


Combination The Coca-Cola Co 





Brand-Association Trademarks 


Slogan Just Do It 


Nike Corp 


Colors that are part of the physical good 
or packaging 


McDonald's Corp 


Product shapes Apple Corp 





Packaging Procter & Gamble Co 


Sounds The mark consists of a five-tone audio 
progression of the notes D flat, D flat, G 


flat, D flat, and A flat 


Intel Corp 


The mark consists of the almond scent 
of the goods 


Motion 
m i 
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Thorsten Hennig-Thurau, Mark B. Houston, & Torsten Heitjans 


Conceptualizing and Measuring the 
Monetary Value of Brand Extensions: 
The Case of Motion Pictures 


Brand extension value is the part of brand value that derives from a brand owner's right to introduce new products 
related to the brand The authors draw on a theoretical conceptualization of brand extension success and present 
an approach to measure the monetary value of brand extension nights in the context of motion pictures (1 e , movie 
sequel rights) and to calculate the effect of variations of key extension product attributes, such as the continued 
participation of stars, on this value Their measure incorporates both the forward spillover effect and the reciprocal 
spillover effect and accounts for differences between brand extensions and new original products in revenues and 
risk, thereby offering marketing scholars a novel approach for evaluating the riskiness of investment alternatives 
With respect to the forward spillover effect of a parent brand on the extension product, the authors apply regression 
analysis to data from all 101 initial movie sequels released in North American theaters between 1998 and 2006 
and to a matched subsample of original movies and calculate the risk-adjusted monetary brand extension value by 
comparing success predictions for both sequels and matched original movies Regarding the reciprocal spillover 
effect by which the extension product affects the success of the parent brand, the authors use longitudinal data of 
parent-brand DVD sales to monetize the risk-adjusted impact of the brand extension on the parent The usefulness 
of their approach is illustrated by calculating the monetary brand extension value for an actual movie title 


Keywords brand value, motion picture industry, brand extension, forward spillover effect, reciprocal spillover effect 


name ıs attached to а new product can help compa- 
nies raise consumers' 1nterest 1n the new product at 
the time it 1s launched (Keller 2003) This 1s of particular 
importance for products whose diffusion functions follow 
an exponential-decay pattern and generate the highest reve- 
nues immediately after the new product has been made 
available to consumers, which 1s often the case with high- 
budget media products, such as motion pictures, books, 
music, and games (Ainslie, Dréze, and Zufryden 2005) 
This research addresses a critical brand extension 
issue—namely, determining the monetary value of a brand 
extension right By examining data from the motion picture 
context, in which sequels function as extensions of movie 


A= extension strategy in which an existing brand 
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brands, we develop a practical and valid method that 
enables companies to calculate the financial value of their 
brands' extension rights, a fundamental but difficult-to- 
measure intangible capital asset (Srivastava, Shervam, and 
Fahey 1998) For example, NBC Universal holds the rights 
to produce a sequel to the classic film ET The Extra- 
Terrestrial, and the value of the firm should reflect the value 
of those nghts But how much are the rights worth? Any 
company that owns a well-known brand mught ask this 
question 

Beyond its balance sheet relevance, determining the 
value of a brand extension right 1s also essential for buying 
and selling such rights, a regular occurrence in many indus- 
tries For example, the Luxottica Group purchased the 
nghts to design, produce, and globally distribute prescrip- 
tion frames and sunglasses under the Polo Ralph Lauren 
brand for $200 million (Business Edition 2006) In the 
motion picture industry, studios compete aggressively to 
acquire “sequel rights to dormant or interrupted franchises” 
(Garg 2007) Intermedia Films paid $14 5 million for the 
sequel rights to The Terminator in 2001 (Epstein 2005) Did 
this price exaggerate (or underestimate) the power of the 
Terminator brand? 

Because extension products usually consist of multiple 
attributes that are not finalized at the time a firm acquires 
the extension right, it 1s also critical to know how changes 
in such attributes influence brand extension value What 
would the sequel nght for The Terminator have been worth 
if the original’s star (Arnold Schwarzenegger) was not 
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avatlable? Would the release of a sequel have any reciprocal 
impact on the parent film's value (eg, by stimulating its 
DVD sales)? 

Although the paucity of research on monetizing brand 
extensions was first lamented more than 15 years ago 
(Smith and Park 1992), no studies have yet assessed the 
revenues created by individual brand extensions, despite a 
body of research on the determinants of the success of 
brand extensions Because such information 1s critical for 
accurate firm valuations and for negotiations between 
potential buyers and sellers of brand extension rights, its 
lack constitutes an “tmportant gap in extant approaches” 
(Srinivasan, Park, and Chang 2005, p 1433) 

Our objective 1s to develop a measure of monetary 
brand extension value that can be used to assess individual 
brand extension rights We draw from the brand literature to 
identify the elements of brand extensions that determine 
their success and use this information to empirically cali- 
brate a model of the brand extension value of individual 
brands that integrates both forward and reciprocal brand 
extension spillovers, with data on motion pictures The 
model accounts for revenue- and nisk-related effects of 
brand extensions We illustrate the usefulness of the model 
by calculating the monetary brand extension value for an 
actual movie brand 


Brand Extension Value Research 


Monetary Brand Extension Value 


Extending existing brands 1s an important branding strategy 
Although a large body of research has examined brand 
extensions (see Volckner and Sattler 2006), little 1s known 
about the monetary value of the strategy Following the 
brand valuation logic of Simon and Sullivan (1993) would 
require a comparison of revenues for branded extensions 
and unbranded similar products Although studies employ 
stock prices (Lane and Jacobson 1995) and market share 
(Smith and Park 1992), no study has directly measured 
revenues 

Teichner and Luehrman (1992) argue for the use of real 
options theory to measure brand extension value for motion 
picture sequels Because options theory requires a multi- 
periodic, multiproduct perspective with relevant informa- 
tion added over time (Haenlein, Kaplan, and Schoder 2006), 
it implies that multiple options are valued before their par- 
ent brands are released However, our study centers on 
determining the monetary value of 1ndividual brand exten- 
sion rights after the parent's success 1s already known (1e, 
for existing parent films) 


Brand Extensions of Motion Pictures 


Two articles have empirically investigated sequels as movie 
brand extensions Sood and Dréze (2006) analyze con- 
sumers’ psychological reactions to the nature of a sequel’s 
title but do not measure economic success Basuroy and 
Chatterjee (2008) test the impacts of sequel characteristics 
on box office success and find that sequels produce lower 
revenues and are Jess profitable than their parents and that a 
shorter time lag between original and sequel positively 
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influences box office success Neither study directly mea- 
sures the monetary value of sequels or addresses reciprocal 
spillover effects 

Several other movie studies include a sequel dummy in 
their equations (e g , Hennig-Thurau, Houston, and Walsh 
2006) and find that sequels generate higher revenues How- 
ever, parameter estimates may be distorted because sequels 
are systematically allocated higher budgets and distributed 
to more theaters (Basuroy and Chatterjee 2008) Moreover, 
a single parameter for all sequels limits the ability to esti- 
mate the extension value of individual movies, particularly 
as parent-brand characteristics and the fit between parent 
and extension are not taken into account The studies also 
do not assess reciprocal spillover effects 


A Conceptual Model of Monetary 
Brand Extension Value 


We define forward spillover as the difference between the 
risk-adjusted revenues of a new brand extension and those 
of a similar orginal new product (Simon and Sullivan 1993, 
see Figure 1) Reciprocal spillover is the risk-adjusted 
change 1п revenues of the parent brand that can be attributed 
to the extension We include key success factors that enable 
us to calculate a conditional extension value for a product 
that 15 based on varying levels of these factors (е g , whether 
the parent movie’s stars are in the sequel) To be able to 
estimate the value of a future brand extension, we consider 
only the factors that are known before the extension 1s pro- 
duced or that can be altered by the brand owner 

We now empirically calibrate and monetize the forward 
spillover effect of a movie brand on the extension product 
We then report the empirical measurement and monetiza- 
tion of the reciprocal spillover effect of a movie brand 
extension on its parent 


Monetizing Forward Spillover 
Effects 


Drawing from brand extension research (e g , Keller 1993, 
Volckner and Sattler 2006), we distinguish four categories 
of factors that drive brand extension success (1) parent- 
brand characteristics, (2) the fit between parent and exten- 
sion, (3) the interaction of parent characteristics with fit, 
and (4) brand extension characteristics Table 1 lists the dn- 
vers, their adaptations to the context of this research, and 
specific empirical operationalizations of the constructs 
First, with respect to parent-brand characteristics, the 
parent brand’s rmage and brand awareness, and the inter- 
action between the two, should influence an extension's 
success (Balachander and Ghose 2003, Keller 1993) As an 
1ndustry-specific characteristic, we also 1nclude the parent 
movie's cultural familiarity (1e, whether 1t 1s based on a 
familiar book, a comic, or a game, Henmg-Thurau, Hous- 
ton, and Walsh 2006) Second, as brand research assigns a 
major role 1n extension success to the fit between the parent 
brand and the extension (Klink and Smith. 2001), we 
include 11 fit variables that tap the consistency between 
parent and extension product on key facets such as stars, 
release date, budget, and title This multifaceted treatment 


FIGURE 1 
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of fit informs detailed managerial implications that are not 
possible with a global measure of fit Third, because 1nter- 
action effects between parent-brand characteristics and fit 
should also affect extension success (Volckner and Sattler 
2006), we create 1nteraction-term variables for each facet of 
fit with each parent-brand characteristic, which results 1n 11 
interaction-term variables for brand image and 11 for brand 
awareness Fourth, regarding extension characteristics, we 
include marketing support (proxied by a sequel’s budget) 
and retailer acceptance (distribution intensity) (Klink and 
Smith 2001, Volckner and Sattler 2006) We also include 
1ndustry-specific extension characteristics (1 e , the sequels’ 
ratings, genres, and star power, Elberse and Ehashberg 
2003) 

For original new products (1 е, nonsequels in the соп- 
text of our study), we include the brand extension character- 
istics from the extension/sequels model—namely, budget, 
distribution intensity, rating, genres, and star power—as 


well as cultural familiarity, as this same information 1s 
available for both original new products and extensions 


Model Calibration and Parameter Estimation 


Samples and matching procedure Of all the movies 
released ш U 5 theaters between January 1998 and Decem- 
ber 2006, we collected data for all 101 initial movie sequels 
(only the first sequels 1n a series) released during the period 
and for a matched subsample of nonsequels that we drew 
from the 1536 theatrically released nonsequels from the 
same period, using a multivariate procedure The matching 
approach identifies sequels and nonsequels that are similar 
їп terms of key variables and removes sample bias that 
might result from skewed differences ın studios’ treatments 
of sequels and nonsequels (Smith 1997) Specifically, using 
key success predictors for sequels and nonsequels (1 e , bud- 
get, distribution intensity, rating, star power, cultural famil- 
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General Brand 
Extension Success 
Drivers 


Parent-brand image 
(PBI) (Keller 1993) 


Parent-brand 
awareness (PBA) 
(Keller 1993) 


PBI-PBA interaction 
(e g , Balachander 
and Ghose 2003) 


Not applicable 


Fit (е д, Aaker and 


TABLE 1 


General and Context-Specific Brand Extension Success Drivers 


Corresponding Movie 


Brand Extension 
Success Drivers 


Empirical Measures 


Parent-Brand Characteristics 


PBI of parent movie 


PBA of parent 
movie 


PBI-PBA interaction 


Cultural familiarity of 
parent movie 


Reflective score calculated by partial least 
squares, combining consumer quality 
ratings, critics ratings, industry experts 

ratings 


Formative score calculated by partial least 
squares, combining inflation adjusted 
North American box office and number of 
theaters at North American opening 
weekend 


CPR of regression of latent variable 
scores of PBI and PBA on the CPT of 
the two constructs 


1 if original movie was a remake of 
another movie or based on a novel, 
comic, or video game and 0 if otherwise 


Fit Characteristics 


Sources 


IMDb (consumers), Metacritic 
and Leonard Maltin's Movie 
Guide (critics), AMPAS 
(industry experts, a weighted 
Academy Awards score, as 
used in Hennig-Thurau, 
Houston, and Walsh 2006) 


Variety magazine (box office 
and theaters) 


See main effects 


IMDb 


IMDb Starmeter measure 


fX cuo з Ut a U 25 
“Starmeter’ of the main actors of the 


Keller 1990) 


Fit 


Fit 


Fit 


Fit 


Fit 


Fit 


Fit 


Fit 


Star continuity 


Director continuity 


Writer continuity 


Producer continuity 


Distributor continuity 


Genre continuity 


Rating continuity 


Poster continuity 


Title continuity 
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parent movie appearing tn the sequel in 
relation to the maximum possible 
“starmeter’ if all main actors from the 
parent movie would have appeared in the 
sequel 


Percentage of directors of the parent 
movie who are involved їп the sequel 


Percentage of screenwriters of the parent 
movie who are involved in the sequel 


Percentage of producers of the parent 
movie who are involved in the sequel 


Percentage of distributors of the parent 
movie who are involved in the sequel 


1 if parent genre and sequel genre are 
equal and 0 if otherwise 


1 1f parent rating and sequel MPAA rating 
are equal and 0 if otherwise 


Similarity between parent and sequel 
poster from 1 = “very similar’ to 5 = “very 
dissimilar,” as coded by two independent 

judges, mean score used (94% 
agreement, r= 80) 


1 if the sequel's title can be recognized 
and 0 if otherwise, coded by two 
independent judges, mean score used 
(9796 agreement, r= 90) 


The Numbers 


The Numbers 


The Numbers 


IMDb 


The Numbers 


MPAA 


Posters from Allposters com 
and other sources 


Not applicable 


TABLE 1 
Continued 


———————————————————————————————————————————————————— 


General Brand 
Extension Success 
Drivers 


Fit 


Fit 


Interaction of parent- 
brand image with fit 
(e g , Keller and 
Aaker 1992) 


Interaction of parent- 
brand awareness 
with fit (e g , Volckner 
and Sattler 2006) 


Marketing support (е g, 
Klink and Smith 


Corresponding Movie 
Brand Extension 


Success Drivers Empirical Measures 


Budget continuity Percentage deviation of the sequel's 
budget from the budget of the parent 
movie 


Difference in month between month of 
release of parent movie and sequel (0—6) 


Season continuity 
(reversed) 


Interaction Effects 


Interaction of PBI of 
parent movie and 
each fit variable 


CPR of regression of PBI and each fit 
variable on the CPT of the two constructs 


Interaction of PBA 
of parent movie with 
each fit variable 


CPR of regression of PBA and each fit 
variable on the CPT of the two constructs 


Brand Extension Characteristics 


Budget of sequel Residual term of regression of PBA on 


inflation-adjusted budgets 


Sources 


Multiple sources, including 
Variety, IMDb, The Numbers, 
and Wikipedia 


IMDb 


See main effects 


See main effects 


Multiple sources for budgets, 
including Variety, IMDb, The 


2001) 


Retailer acceptance 
(e g , Volckner and 
Sattler 2006) 


Distribution intensity 
of sequel 


Not applicable Rating of sequel 


Not applicable Star power of sequel 


Not applicable Genre of sequel 


Residual term of regression of PBA on 
inflation-adjusted star power 


Dichotomous variables for key genres 


Numbers, and Wikipedia 


Residual term of regression of PBA on Variety 
number of opening-weekend theaters 
MPAA rating, ranging from 1 = а іо 4 = В MPAA 


IMDb, a weighted score, as 
used in Hennig-Thurau, 
Houston, and Walsh 2006 


IMDb 


(1 e , comedy, animation, drama, action, 
adventure, horror, thriller, romance, and 


crime) 


Notes CPR = cross-product residuals, CPT = cross-product term, IMDb = Internet Movie Database, and MPAA = Motion Picture Association of 


America 


larity, and genre) as matching variables, we calculated 
squared Euclidian distances between each sequel and all 
1536 nonsequel movies and picked the three nearest neigh- 
bors for each sequel (Smith 1997) All variables were stan- 
dardized before the matching ! 


Operationalization Given the importance of nontheatri- 
cal distribution channels in the film industry (Hennig- 
Thurau et al 2007), our dependent variable is the sum of 
the actual revenues from theaters, home-video retail, and 
home-video rental on а title-by-title basis All revenue data 
were inflation adjusted, and the total revenues variable was 
log-transformed Our data comprise North American reve- 
nues, which serve as a solid basis for estimating global 
revenues for US movies (Epstein 2005) Box office data 





I The specific sequel titles and nonseque! titles in our sample are 
available on request from the authors 


were taken from Variety, video sales from Nielsen 
VideoScan, and rentals from Adams Media Research/Home 
Media Retailing ? 

Parent-brand 1mage and brand awareness were both 
measured with multiple 1tems to account for the multicom- 
ponent nature of the constructs, latent variable scores were 





2Note that Nielsen VideoScan reports only the number of sold 
DVDs, not revenues Thus, we multiplied the number by the aver- 
age DVD retail price of $20, which was relatively stable for the 
sample period (Motion Picture Association of America 2007) In 
addition, because the Nielsen data include sales from reporting 
retailers that represent approximately 65% of total nationwide 
sales, we adjusted the data to project nationwide sales Our video- 
rental data cover only the top-50 videos of each month, we made 
no adjustment for this variable because of the lack of reliable 
information Post hoc tests suggest that the release of additional 
sequels does not affect the data 
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generated using partial least squares 3 For brand image, the 
score included assessments from consumers, professional 
critics, and industry experts as a reflective scale (о = 80) 
(Jarvis, MacKenzie, and Podsakoff 2003), consistent with 
an objectivist view that suggests that an overall aesthetic 
impression exists that determines each indicator (Hennig- 
Thurau, Houston, and Sridhar 2006) 

On the basis of Jarvis, Mackenzie, and Podsakoff’s 
(2003) criteria and a modest interitem correlation (r = 41), 
we measured brand awareness on a formative scale, with 
the parent movie's North American box office and the num- 
ber of theaters in which the parent movie was shown at its 
release determining the level of awareness Because the 
sample contained films from a wide time span, we needed 
to account for the loss 1n society's awareness of a movie 
over time Thus, we discounted the brand awareness score 
of each movie with a forgetting-curve function (Wixted and 
Carpenter 2007), with function parameters being calibrated 
with data from an online survey of 761 consumers who 
were provided with a list of 39 movie titles (1 е, the tenth 
most successful title of each year from 1968 to 2006) and 
asked to indicate whether they were aware of each film 4 
The cross-product residuals of a regression of brand image 
and awareness on the cross-product term stood ın as the 
interaction variable of brand image x brand awareness, 
making use of Lance’s (1988) residual centering regression 
approach Residual centering, which Bottomley and Holden 
(2001) use 1n a brand extension context, minimizes multi- 
collinearity from the usual high correlatedness of regression 
variables with their product term while providing a “means 
to assess the predictability of some criterion from the inter- 
action among predictors” (Lance 1988, p 166) 

For sequel characteristics, we separately regressed dis- 
tribution intensity, budget, and star power on brand aware- 
ness and used the residuals from those regressions instead 
of raw values, thus using only the incremental information 
that 1s not explained by brand awareness of the parent This 
procedure controls for endogeneity by accounting for estab- 
lished structural relationships between these constructs and 
the parents’ brand awareness (Elberse and Eliashberg 2003) 
and reduces multicollinearity The fit variables were directly 
calculated from secondary data (except for poster fit and 
title fit, which two research assistants coded) The 22 





3Covariance-based structural equation tools, such as LISREL, 
are not an alternative in this case for three reasons (1) They do not 
generate determined latent variable scores that can be used for 
regression analysis, (2) they are less suited than partial least 
squares to handling formative constructs (see Diamantopoulos and 
Winklhofer 2001), and (3) they require a greater number of cases 
than are available 1n our data set 

4We fit several functions consistent with forgetting theory, the 
one that best fit the data was an s-curve function of the following 
kind Е = 3829 + (83 72 – 38 29) х [t3 50/(29,109 14 + ¢350)], 
where F = the percentage of respondents who did not know a cer- 
tain movie title and t = the number of years since the movie title 
was theatrically released When applying the function to our data, 
we set the minimum Е = 0 Note that the discounting of brand 
awareness scores is similar to Basuroy and Chatterjee's (2008) 
time window effect The addition of a time window variable does 
not affect our sample comparison analysis results, with the 
variable remaining insignificant 
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parent-brand characteristics x fit interaction variables were 
also created using residual centering 


Methods We first replicate prior research with a com- 
bined sample analysis, using a dummy variable to identify 
sequels The matching approach enables us to estimate 
unbiased treatment effects for the sequel dummy (Smith 
1997) We use the sequel dummy, movie characteristics 
(1e, budget, distribution intensity, rating, genres, star 
power, and cultural familiarity), and the interaction terms 
between the sequel dummy and the movie characteristics 
(generated with residual centering) as independent variables 
and estimate their impact on total revenues with ordinary 
least squares regression The release year controls for unob- 
served heterogeneity 5 

However, although the combined sample approach pro- 
vides general evidence comparing sequels with nonsequels 
їп terms of revenue generation, 1t prevents us from investi- 
gating some key aspects of monetary sequel value Specifi- 
cally, the variables that capture the fit between parent and 
extension are not available for nonsequels and therefore 
cannot be included For example, star continuity (the prod- 
uct term of star continuity and the sequel dummy) takes a 
value of 0 if the stars from a parent film do not appear 1n the 
sequel (е g , Jim Carrey and Jeff Daniels, the stars of the hit 
Dumb and Dumber, did not appear 1n the sequel, Dumb and 
Dumberer When Harry Met Lloyd) In a combined sample 
approach, star continuity would also take a value of 0 for a 
nonsequel original movie In other words, a combined sam- 
ple procedure with a sequel dummy could not capture the 
conceptual differences between a nonsequel and a sequel in 
which none of the main stars of the parent film participated 
This 18 crucial because the lack of star continuity 1s a char- 
acteristic that should attenuate the box office outcomes of a 
sequel because the audience would muss the stars (e g , Car- 
rey and Daniels) or might interpret their absence as a signal 
that the sequel 1s of poor quality The mixing of fundamen- 
tally different phenomena introduces error and blurs the 
meaning of the star continuity coefficient 6 

Moreover, with such key variables lacking, a combined 
sample approach could not go beyond the question whether 
sequels matter to predict variation 1n performance across 
sequels Thus, the combined sample approach would pre- 
vent managers from testing finer-grained brand extension 
scenanos In addition, as sequels and nonsequels are two 
distinct investment alternatives, 1t 1s essential to account for 
potential differences in project-specific risk However, the 
combined sample approach does not allow for the compan- 
son of the risk levels of sequels and nonsequels 

Therefore, we extend our analysis by applying a 
matched-subsample comparison approach 1n which we run 
two separate ordinary least squares stepwise regressions, 
one for sequels and one for nonsequels, using as regressors 
the respective variables identified in the prior section and 
total revenues as the dependent variable for both models 





5We thank an anonymous reviewer for suggesting this analysis 

6A similar argument can be made for the brand image of the 
parent movie (and any interaction terms associated with the con- 
struct), the variable does not exist for movies that are not exten- 
sions of an existing movie brand 


We apply a stepwise regression approach to reduce any con- 
cerns about multicollinearity and to achieve an acceptable 
level of degrees of freedom given our limited sample size 
Critical F scores were set to 10 for entry and to 15 for 
removal to account for the limited sample size In both 
regressions, we include the release year as a separate 
regression block We then use the respective regression 
functions to predict overall revenues for all sequels and 
matched nonsequel movies 


Results 


T-test results The t-tests show that the sequel and non- 
sequel subsamples are similar with regard to the predictor 
variables—in other words, any sample bias has been suc- 
cessfully removed, a desired outcome of our matching pro- 
cedure 7 Specifically, the average number of opening 
theaters (Меша = 2618, Mponsequel = 2492), budget 
(Msequei = $57 million, Myonsequel = $53 million), rating (3 0 
for both subsamples), and star power (Меше! = 40 6, 
Mhonsequel = 38 4) do not differ significantly between the 
two subsamples Despite these similar characteristics, we 
find that, on average, sequels outperform nonsequels in 
terms of overall revenues (Муде: = $1750 million, 
Mhonsequel = $138 2 million, t = 2 07, p < 05) 


Results of combined sample regression The combined 
sample regression function explains overall revenues rea- 
sonably well (К? = 72) (see Table 2) The sequel dummy 
has a significant, positive effect (B = 06, p < 05), which 
provides further evidence that, on average, sequels produce 
higher revenues than nonsequels Distribution intensity (1 е, 
number of theaters), budget, ratings, and the release year 
control also influence overall revenues 


Results of matched-subsamples regressions The brand 
extension model explains overall sequel revenues well 
(К2 = 86) With a weighted mean absolute percentage error 
(MAPE) of 2476, a root mean square error (RMSE) of 
63 76, and a coefficient of variation (CV) of 36, the model 
also predicts success adequately’ We find that nine 
variables remain significant 1n the final step of the estima- 
tion, thereby representing all four categories of brand exten- 
sion drivers (1 e , parent-brand characteristics, fit character- 
istics, parent-brand characteristics x fit characteristics 
interactions, and brand extension characteristics) (see Table 
3) Specifically, we find that both main effects from parent- 
brand awareness and brand image are significant, they are 
the strongest (В = 71) and third-strongest (В = 18) predic- 
tors of overall revenues, respectively The two fit character- 
istics of star continuity and rating continuity are significant 
in the final regression (B = 15, and B = 11) The parent- 





7The correlation matrix 1s available from the authors on request 

Because total revenues are widely spread among the movies in 
our samples, the ordinary MAPE (which weighs all sample ele- 
ments equal) overrates high percentage errors for small movies, 
which are low in absolute terms Therefore, we calculate the 
weighted MAPE, which weighs each case with its actual value and 
15 defined as follows weighted МАРЕ = [(1/N) EN. ,|Y, — ФАУ 
[UNEN =1Yn], where N = number of films ın the sample, У, = 
actual values, and Ӯ, = predicted values The weighted МАРЕ 
turns into the ordinary MAPE when actual values exhibit. little 
dispersion 


brand awareness X star continuity (В = 11) and brand 
image х genre continuity (В = 11) interactions each explain 
significant variance Finally, for brand extension character- 
istics, we find that distribution intensity and marketing 
effort are significant, the coefficient of theaters (В = 35) 15 
more than three times that of budget (В = 10) 

We now turn to the nonsequel model, which predicts the 
same dependent variable (the results are also reported in 
Table 3) The variance explained (R2 = 67) 1s similar to that 
1n other movie success studies (е g , Hennig-Thurau, Hous- 
ton, and Walsh 2006) Prediction accuracy 1s lower for non- 
sequels (weighted MAPE = 39 87, RMSE = 95 10, and 
CV = 69), and important to our calculation of brand exten- 
sion value, the standard error of the estimate (a parameter 
similar to RMSE) 1s higher to an extent that 1s practically 
meaningful (бу = 67 17, Ononseq = 95 90, on the compari- 
son of predictions between subsamples, see Armstrong 
1985) We find that three predictors are significant —the 
number of opening weekend theaters explains the most 
variance in revenues (B = 77), followed by budget (B = 19) 
and rating (B = 13) 


Summary Our analyses in the preceding sections sug- 
gest that for motion pictures, a brand extension provides 
two key advantages over an equal but original new product 
First, t-test and combined sample regression results show 
that sequels generate higher average revenues than non- 
sequels This 1s also supported when we apply the nonse- 
quel regression function to the sequel subsample as a post 
hoc examination, which reveals how the sequels would have 
performed if they had been made as identical but onginal 
nonsequels We calculate average revenues of $142 71 mil- 
lion, which 15 less than the actual average revenues of 
sequels (and similar to the average revenues of the matched 
nonsequel subsample) 

As a second advantage, and of equal importance for 
brand extension valuation, the prediction accuracy measures 
indicate that there 1s less risk when investing in a sequel 
than ın an original new movie Although there 15 no statisti- 
cal test to empirically compare prediction accuracy across 
regressions, the differences in prediction accuracy are prac- 
tically meaningful (weighted МАРЕ improved by 38%, 
RMSE by 33%, and CV by 48%), with the pattern of 
improvement being consistent across our subsamples and 
post hoc analyses 9 We also compare the MAPE of our 
sequel subsample regression function with that of a nested 
model comprised of the independent variables from the 
nonsequel regression function (1e , examining the subsam- 
ple of sequels using only the variables that are also avail- 
able for nonsequels) The weighted MAPE of this nested 
nonsequel model 1s 33 95%, or 37 1% worse than that of the 
full sequel model This nested-model comparison demon- 





9Because the matched character of our original-movies sample 
1s essential for making comparisons, we also draw three different 
subsamples, each consisting of a random subset of 150 matched 
nonsequels The patterns of results are consistent with the full non- 
sequel sample, and the revenue predictions for the sequels using 
the different nonsequel subsample regressions revealed similar 
results The results for the sensitivity analyses are available on 
request 
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TABLE 2 


Combined Sample Analysis: Regression Results 
ne И ЭО с 


Regressor B 
Constant 117 708 
Sequelae 131 
Budget 006 
Opening weekend theaters 001 
Star power — 001 
Cultural familiaritya — 003 
Rating 182 
Comedy. депгер 060 
Animation, genreb 064 
Drama genreb 055 
Action, genreb — 105 
Adventure genreb 030 
Horror. genreb — 116 
Sci fi. genreb — 043 
Thriller. genreb 008 
Romance genreb 159 
Fantasy genreb — 054 
Crime. genreb 100 
Sequel x budget¢ 001 
Sequel x opening weekend theatersc — 0002 
Sequel x star ромегс 002 
Sequel x cultural familiarityc 129 
Sequel x rating® 076 
Sequel x comedy. genrec 085 
Sequel x animation, genrec 369 
Sequel x drama, genrec 020 
Sequel x action, genrec — 066 
Sequel x adventure genrec 097 
Sequel x horror. genrec 001 
Sequel x sci fi, genrec – 012 
Sequel x thriller, genrec 128 
Sequel x romance genrec 147 
Sequel x fantasy, genrec 154 
Sequel x crime, genrec — 281 
Release yeard — 058 
R2 721 
R? adjusted 695 


aDummy variable original new film = 0, and sequel = 1 
bDummy variable not in this genre = 0, and in this genre = 1 
стће residual term was used for this variable 


Beta t (p) VIF 
056 1985 (p « 05) 105 
249 5 489 (p « 001) 2 70 
792 18 769 (p « 001) 235 

— 044 —1 358 (ns) 139 
— 001 — 037 (ns) 148 
165 3 907 (p< 001) 2 36 
030 775 (ns) 193 
019 573 (ns) 151 
024 722 (ns) 143 
– 049 —1257 (ns) 202 
014 382 (п5) 166 
– 043 —1 008 (ns) 242 
— 014 — 451 (ns) 127 
004 094 (n s ) 220 
050 1629 (ns) 125 
— 022 – 690 (ns) 136 
032 1001 (ns) 1 38 
020 461 (ns) 239 
— 071 —1 734 (ns) 221 
044 1388 (ns) 135 
028 816 (ns) 150 
031 759 (ns) 226 
018 471 (ns) 194 
044 1 285 (ns) 156 
004 108 (ns) 152 
— 014 – 342 (ns) 210 
019 510 (ns) 182 
0002 004 (ns) 227 
– 002 – 050 (ns) 135 
026 631 (ns) 224 
017 535 (п5) 132 
027 825 (п5) 143 
– 043 –1 313 (ns) 144 
— 146 —4 766 (p « 001) 123 


dThe release year was operationalized as the difference in years from 2007, so 2006 = 1, 2005 = 2, and so on 
Notes Log-transformed inflation-corrected overall revenues are the dependent variable ns = not significant at p > 05, and VIF = variance 


inflation factor 


strates the incremental value of the additional information 
contained in the sequel-specific variables in terms of risk 
reduction 


Calculating Brand Extension Value 


The matched subsample regressions enable us to calculate 
the value of a movie brand extension from the forward 
spillover effect We demonstrate our procedure for Spider- 
Man, assuming that no sequel for the brand has been 
filmed Our approach enables an a priori estimation of the 


174 / Journal of Marketing, November 2009 


monetary value of a potential sequel Because movie reve- 
nues are shared among studios, theaters, rental stores, and 
retailers, we consider only the share of the revenues that 
flows back to the producer We calculate this share by mul- 
uplymg the overall revenues by a weighted average of 
48 86% (based on producers’ revenue share for the theatri- 
cal channel = 50%, retail channel = 60%, rental channel = 
40%, Hennig-Thurau et al 2007) 


Risk-neutral scenario We begin by taking the perspec- 
tive of a msk-neutral investor to investigate how results dif- 


TABLE 3 
Forward-Spillover-Effect Regression Results 


=. Ба ________________- 








Sequels Original Movies 

Regressor B Beta t (p) VIF B Beta t (p) VIF 
Constant 1873 1 563 
Parent-brand image 181 175 4022(p« 001) 121 — 
Parent-brand awareness 005 714 16 890 (р < 001) 114 — 
Budgeta 003 100 2 300 (p « 05) 122 004 191 4696 (p« 001) 148 
Opening-weekend theatersa 001 350 8 566 (p< 001) 107 001 768 17279 (p< 001) 178 
Star continuity 004 150 3563 (p < 001) 114 — 
Rating continuity 323 106 2 565 (p « 05) 1 09 — 
Parent-brand awareness x 

star continuity 00002 109 2 647 (p < 01) 1 08 — 
Parent-brand image x 

genre continuity 474 109 2 717 (p « 01) 103 — 
Rating — 143 126 3 478 (p< 01) 1 19 
Release yearb 044 105 2 586 (p « 05) 104 053 136 3862(p« 001) 111 
R? 858 671 
R? adjusted 844 666 


aThe residual term was used for this variable in the sequel subsample regression 
bThe release year was operationalized as the difference in years from 2007, so 2006 = 1, 2005 = 2, and so on 
Notes Log-transformed tnflation-corrected overall revenues are the dependent variable VIF = variance inflation factor 


fer when accounting for risk For a risk-neutral investor, 
1nvestment decisions are based on the expected profit, џ, of 
alternative investment opportunities (eg, sequels versus 
nonsequels), with the investor choosing the alternative with 
the highest expected profit (expected value criterion or 
Bayes criterion, Canada and White 1980) Risk neutrality 
implies that the risk of the investment alternatives 15 not 
considered We calculate the forward spillover brand exten- 
sion value (BEVFE) for the brand Spider-Man (S-M) as the 
difference in expected revenues between alternative invest- 
ments 1n a brand extension (1e, sequel) and an otherwise 
identical original new movie (1 e , nonsequel) We insert the 
movie characteristics into the revenue equations of the 
sequel (revenue prediction sequel, or RPS) and the nonse- 
quel (revenue prediction original, or RPO), and then we 
subtract the producer's share of RPO from the producer's 
share of RPS 


(1) BEVE m = (КРЗ; _ м – КРО, _ м)х 4886 
= (762 83 -- 655 03) x 4886 = 52 67 


Accordingly, producing the sequel Spider-Man 2 would 
generate approximately $53 million more revenues than 
would making an identical film (1 e , similar budget, distrib- 
ution intensity, rating, star power, and genre) without the 
Spider-Man brand, which reflects the forward spillover 
effect of the parent brand This amount can be exclusively 
attributed to the use of the Spider-Man brand and therefore 
. measures this brand’s forward spillover extension value 

Our approach also enables us to examine how the brand 
extension value would change if a sequel to Spider-Man 
were to be filmed without parts of the original cast and/or 
were to be differently distributed or budgeted (see Table 4) 
For example, we find that, all else being equal, were the 
sequel not to have starred Tobey Maguire (but an actor with 


identical star power and salary), the sequel’s revenues 
would have decreased by $181 8 million and, consequently, 
would have resulted in a negative brand extension value of 
—$129 1 million This implies that making an identical 
movie without using the brand would return more revenues 
to the producer than would a Spider-Man sequel without 
Maguire (1e, it 15 not worth paying for the sequel rights 
unless Maguire's services can be contracted) The simula- 
tion reveals that the parent-brand awareness x star continu- 
1ty interaction accounts for 64% (or $116 6 million) of the 
loss ш brand extension value 


Considering risk A firm faces two types of payoff risk 
when making investment decisions (Sharpe and Alexander 
1990) Project-specific risk corresponds to the level of 
uncertainty surrounding the payoff of a project, thus, the 
standard error of predictions Кот a sample of similar pro- 
Jects captures 1t well (Campbell and Viceira 2002) In con- 
trast, market risk 1s not project specific and 1s accounted for 
by the discount rate a firm chooses through normal capital 
budgeting and investment planning (Sharpe and Alexander 
1990) As nsk preferences vary across investors—influ- 
enced by personal and firm characteristics, the firm's cost 
of capital, and so on—the acceptable level of market risk 
cannot be objectively determined (Campbell and Viceira 
2002) However, we demonstrate how project-specific risk 
can be determined and combined with an investor’s per- 
sonal risk preferences to value a brand extension or sequel 
nght 


Risk-averse scenario To determine how results differ 
when а rights owner 15 predisposed against risky invest- 
ments, we draw from finance theory and apply the value-at- 
risk (VaR) approach of risk management to calculate a risk- 
adjusted brand extension value (Jorion 2001) The VaR 
approach measures the potential loss of a msky asset or 
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portfolio over a defined period and enables investors to 
Incorporate a confidence level that approximates their risk 
preferences when valuing these assets (Damodaran 2007) 
A standard approach for calculating VaR for a specific asset 
15 the analytical уапапсе–соуапапсе method, which 
assumes that returns from such assets follow a probability 
distribution (usually a normal distribution) 10 Using the 
expected return on assets and their standard deviation in 
combination with distribution assumptions, the variance— 
covariance method determines the lower limit of a confi- 
dence interval for a given level of desired certainty (е 5, 
90%), with the standard assumption that the investor 1s risk 
averse (Sharpe and Alexander 1990) 

In our case, the risk-adjusted forward spillover brand 
extension value (raBEVFE) of a movie brand 1 1s defined as 
the difference between the УаК це estimated from the 
sequel subsample (1e, the risk-adjusted revenues that can 
be expected when investing 1n a sequel) and the Уак TE inal 
estimated from the subsample of originals (1 e , investing ın 
an identical nonsequel) 


(2) raBEV!® = УаКЁВ suet) — VaR паша) 
(3) VaR FE quel) = Ў sequel) = t -Q« x O ;equel * and 
(4) VaR ала) = А (ongmal) -t a X Songinal> 


where Ў (sequel) represents the expected revenues of invest- 
ment alternative 1 calculated from the sequel subsample, 
Ж onginal) Tepresents the expected revenues of investment 
alternative 1 calculated from the subsample of onginals, 
tı -a represents the parameter corresponding to a given con- 
fidence level 1 — a (е g , 90%) taken from Student's t distri- 
bution table, and o 1s the standard error of the expected 
revenues of the sequel and original subsample, respectively, 
as estimated through regression analysis 

In summary, to 1ncorporate risk 1n our assessment of the 
monetary value of a brand extension right, we use the 
project-specific risk parameters of an investment in a sequel 
and an alternative 1nvestment 1n a nonsequel, which we 
determined with our matched subsamples approach For 
illustration, we return to Spider-Man and use three levels of 
investor risk preference (1) 60% certainty (t = 25), 75% 
certainty (t = 67), and (3) highly risk-averse 90% certainty 
(t = 128) Applying Equations 2-4 to the Spider-Man 
sequel and a simular original for these levels of nsk aversion 
leads to the results reported 1n Table 4, which reveal that the 
forward spillover brand extension value increases as the 
level of risk considered acceptable decreases, a result of the 
higher prediction accuracy (1 е, lower standard error) for 
sequels Specifically, requiring 90% certainty, the brand 
extension value based on forward spillover effects for the 
Spider-Man brand 1s more than $70 million (for а sequel as 
actually filmed) 


et шш] 

10Alternative approaches to empirically determine VaR include 
historical simulations and Monte Carlo simulations (Damodaran 
2007) We refrained from including dynamic, multiperiodic effects 
and more than one investment alternatrve 


Monetizing Reciprocal Spillover 
Effects 


Extensions have been argued to function as substitutes of 
their parents, cannibalizing parents’ revenues (Balachander 
and Ghose 2003, Bottomley and Holden 2001), or as com- 
plements, enhancing consumers’ desire for the parent 
(Aaker and Keller 1990) We expect sequels to function as 
complements to their parents because, if a consumer has not 
seen the parent film, doing so provides the context for 1nter- 
preting the sequel In addition, a consumer who has seen the 
parent film may still benefit from seeing it again to count- 
eract forgetting (Lehmann and Weinberg 2000) or to relive a 
pleasurable experience (Hennig-Thurau, Houston, and 
Walsh 2006) 

To assess empirically whether movie brand extensions 
have a reciprocal spillover effect on their parents and to 
monetize this effect’s contribution to brand extension value, 
we follow the logic of the event study method Event stud- 
les measure the effect of unanticipated events on stock 
prices by isolating the resultant abnormal changes in stock 
prices (McWilliams and Siegel 1997) Marketing phenom- 
ena that have been studied with event studies include joint 
ventures (Houston and Johnson 2000), movie-star value 
(Elberse 2007), and the forward spillover effect of brand 
extensions (Lane and Jacobson 1995) Although we do not 
use stock prices, we draw on event study logic to quantify 
the causal effect of the release of a sequel (the event in our 
design) on the DVD sales of its parent (the market reac- 
tion), thus isolating abnormal parent DVD sales By run- 
ning cross-sectional regression analyses on abnormal sales, 
we develop a prediction model of the monetary value of the 
reciprocal spillover that can be summed with predictions of 
forward spillover for a comprehensive value of brand 
extensions 


Calculating Abnormal Sales 


Data and modeling approach Identifying abnormal 
sales requires data that will enable us to predict the DVD 
sales of a parent movie that would have occurred if the 
sequel had not been released We draw on proprietary 
weekly DVD sales data from Nielsen VideoScan for 76 of 
the 101 parent movies 1n our main sample (data were not 
available for 25 titles) We used the DVD sales for each 
individual movie from 24 months before the theatrical 
release of the sequel until 12 weeks before the sequel 
release (1e , the estimation window) to fit a regression func- 
tion that provides sales estimates for future periods unaf- 
fected by the sequel release (little advertising occurs more 
than 12 weeks before a theatrical release, Ho, Dhar, and 
Weinberg 2004) 

We tested different regression functions for each movie 
and chose the one that best fit the data We used cumulative 
sales (which are more robust than individual sales against 
outliers) as the dependent variable and number of weeks as 
the 1ndependent variable In general, for movies that had 
been released on DVD within 24 months of the sequel, the 
logarithmic function DVDsales, = о. + B x In(t) (where t 1s 
week and o and В аге parameters) fit the data best, while for 
movies released more than 24 months before the sequel 
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release (1e, for which the DVD sales information was 
incomplete) the power-law function DVDsales, = 0, x tP had 
the best fit Both functions are 1n line with the well-known 
exponential-decay pattern of movie sales 

Because we expect the release of a sequel to 1nfluence 
parent DVD sales at the sequel's release at theaters and 
again, four to six months later, on DVD (Hennig-Thurau et 
al 2007), we compare the cumulative predicted sales for the 
period from 12 weeks before the theatrical sequel release 
until one year after the release with the actual sales 1n the 
same period, we used a shorter postrelease window for the 
cases 1n which exogenous events unrelated to the sequel 
affected parent DVD sales (eg, another sequel was 
announced or released) The difference between actual 
DVD sales and predicted DVD sales 1s our measure of 
abnormal sales 

Results The regression function fits are satisfactory, 
with an average R-square of 97 (all individual R? values > 
90, except for The Santa Clause, with R? = 80 as a result 
of seasonal outliers) The abnormal DVD sales (in units) 
vary widely, ranging from 219 (for State Property) to 
1,365,718 (for Shrek), with a mean of 217,651 9, which 1s 
significantly different from zero (t(75) =711, p < 01) and 
a standard deviation of 266,998 1 Abnormal sales are 
greater than zero for all 76 movies 1n the sample, which 
supports our assumption that movie sequels are comple- 
mentary products As an example of the typical pattern, 
Figure 2 shows the actual and predicted DVD sales for two 
movies and illustrates abnormal increases at the sequels' 
releases 1n theaters and on DVD 


Predicting Abnormal Sales 


Modeling approach To identify the variables that drive 
abnormal DVD sales of a parent in response to a sequel, we 
conduct a cross-sectional regression As regressors, we use 
the same set of parent characteristics, brand extension char- 
acteristics, and fit characteristics that we used to estimate 
the forward spillover effect (see Table 1) 

To rule out potential confounds, we also include 
industry-specific versions of control variables that reflect 
more general factors that apply to brand extensions across 
industries (e g , timing, number of versions of parent, time 
lag between parent and extension, Joint promotion or distri- 
bution efforts) (McWilliams and Siegel 1997) Specifically, 
1n addition to a sequel's release year (the difference from 
2007), we include the number of DVD versions (e g , stan- 
dard edition, collector's edition, director's cut) of the parent 
released before the sequel's release in theaters, the number 
of weeks between the parent DVD release and the sequel 
release, the weeks between the most recent DVD release of 
the parent and the sequel release, and whether a new DVD 
edition of the parent was released 1n concert with the sequel 
(as for 28 of our 76 titles) 

For the latter variable, we created dummy variables for 
marginal and substantial rereleases (which contained the 
same transfer and/or similar bonus material as an earlier 
DVD release of the same title or a strongly improved trans- 
fer and/or substantial new bonus material, respectively), 
two coders judged each rerelease as marginal (n = 16) 
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or substantial (n = 12) (89% agreement, coders resolved 
disagreements by discussion) Finally, we also created 
interaction-term variables of the marginal and substantial 
variables and parent-brand awareness using residual center- 
ing, and we include them m the regression model We apply 
stepwise regression analysis and set critical F scores to 10 
for entry and to 15 for removal 


Results The final regression explains 53% of the parent 
movies’ abnormal DVD sales and predicts success reason- 
ably well (weighted MAPE = 65 24, RMSE = 180,285, 
standard error of the estimate = 187,446, and CV = 861) It 
contains four variables, three of which refer to the parent 
brand (see Table 5) Parent-brand awareness (В = 56) 
explains the most variance ш abnormal DVD sales, fol- 
lowed by the parent-brand awareness x parent-brand image 
interaction, and the main effect of parent-brand image (В = 
39 for each) No other brand extension variable plays a sig- 
nificant role The year in which the sequel 1s released (В = 
– 18) also remains 1п the final regression model, its negative 
effect accommodates the increase in DVD sales over time in 
the sample period Table 5 also shows that the majority of 
explained variance in abnormal DVD sales can be attributed 
to the success driver variables, not to the control 

Finally, we ran a post hoc regression that also included 
the sequel’s box office revenues and its quality, as judged 
by professional critics (1 e , its metascore, a weighted com- 
posite score of reviews from approximately 40 influential 
sources calculated by metacriticcom) and consumers 
(IMDb user rating, averaged from up to 300,000 votes per 
movie) Although these variables are not available when 
planning a sequel, their addition enables us to examine the 
degree to which abnormal sales are related to different lev- 
els of success and quality Table 5 shows that a sequel’s 
quality does not explain additional variance, but the inclu- 
sion of its box office success 1s significant, adding 16 per- 
centage points of variance explained (R2 = 70) This model 
has a weighted МАРЕ of 50 99, an RMSE of 146,388, a 
standard error of 152,533, and a CV of 701 


Quantifying the Monetary Value 


Entering the respective parameters into the abnormal-DVD- 
sales regression equation enables us to quantify the recipro- 
cal spillover for a specific brand extension For example, 
again assuming that no sequel had been filmed for Spider- 
Man, our prerelease information regression equation sug- 
gests that a sequel to the movie would have generated addi- 
tional DVD sales of 818,018 units of the orginal movie at 
retailers that report to Nielsen VideoScan (or 65% of the 
total market), which corresponds to an estimated total of 
1,258,489 additional DVDs sold across North America An 
average price of $20 per copy (Motion Picture Association 
of America 2007) implies revenues of $25,169,780, with 
$15,101,868 (or 60%) of the revenues flowing back to the 
producer 

These numbers can also be adjusted for risk by applying 
the variance-covariance method Accounting for the price 
per copy and revenue split, the risk-adjusted reciprocal 
spillover effect (RE) brand extension value (raBEVRE) of a 
movie brand 1 can be calculated as follows 
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20x 6 
65 





(5) raBEVRE = (#48 -t q x o)x à 
where ХАК 15 the expected abnormal revenues of a movie, 
t; _ о 18 the confidence parameter from the normal distribu- 
tion table, and 6 1s the standard error of the expected abnor- 
mal revenues For the movie Spider-Man and 90% risk 
aversion, we obtain the following results 


(6) raBEVEE yy = (818,018 —1 28 x 187,446) 


20x 6 
х_— 


= $10,776,194 
65 


In other words, the mghts owner of the brand Spider-Man 
can expect a sequel to generate, with 90% confidence, 
approximately $108 million in abnormal-DVD-sales 
revenues 


Discussion and Implications 


Findings and Limitations 


To monetize brand extension value, we distinguish between 
forward spillover and reciprocal spillover effects For for- 
ward spillover, we calibrated both a combined regression 
and separate subsample regressions for sequels and 
matched nonsequel movies The regression results provide 
empirical evidence that for motion pictures, introducing a 
brand extension provides two advantages (1) It generates 
higher average revenues (as evidenced by the combined 
sample regression parameter and a t-test), and (2) 1t reduces 
project-specific risk (as demonstrated by higher prediction 
accuracy and a lower standard error for sequels than for 
nonsequels) For reciprocal spillover, we found that sequels 
are complements to their parents, with abnormal де, 
sequel-induced) DVD sales for the parent as high as 13 
milhon copies We explain more than 50% of abnormal 
DVD sales with the parent’s brand awareness and image 
and up to 70% when including the theatrical success of the 
sequel 

In terms of limitations, our approach focuses on intial 
sequels and does not address the effects of additional 
sequels (е g , Spider-Man 3 and Spider-Man 4) The success 
of an initial sequel has a substantial impact on the value of 
additional sequels, for example, the big-budget Remo 
Willams The Adventure Begins was intended to become a 
multimovie series similar to the James Bond franchise, but 
the idea was discarded after the original flopped Thus, 
extending our model for additional sequels would require 
consideration of the relationships between the additional 
sequel and the original sequel and among all further 
sequels, which implies a level of complexity that is difficult 
to model because of the small number of multiple sequels 
However, we acknowledge this as an intriguing direction 
for further research, perhaps researchers could apply real 
options theory to a sequential, multistage decision process 

To reduce concerns about multicollinearity and to 
achieve an acceptable level of degrees of freedom given our 
sample size, we employed stepwise regression Because a 
search bias can affect stepwise regression results when 


there are a large number of variables (Wallace, Seigerman, 
and Holbrook 1993), we note that theory and/or prior 
empirical studies have justified all variables we included in 
the final model and that patterns of significance and direc- 
tions of signs supported our approach 


Managerial Implications 


Our models enable managers to estimate effectively the 
monetary value of brand extensions, an important intangible 
asset We believe that the method provides transparency for 
stakeholders and can be used as a basis for financial negoti- 
ations for the legal right to produce movie sequels, thereby 
providing a more objective starting point than the gut- 
feeling approach that pervades the industry (Young, Gong, 
and Van der Steede 2008) Another practical use of the 
model 1s to evaluate alternative combinations of strategic 
brand elements Our model includes parameters that man- 
agers can control when planning the extension product, thus 
enabling them to examine the impact of continuity or 
change 1n specific characteristics (е g , stars, rating, genre) 
between the parent and the sequel Because some variables 
(e g , distribution intensity) will not be finalized when the 
valuation of a sequel nght takes place, companies can use 
our approach to explore the sensitivities of outcomes to dif- 
ferent levels of drivers. In addition, our results suggest that 
the release of complementary brand extensions causes con- 
sumers to reappraise parent brands (or at least increases 
their salience), and thus managers should refine marketing 
strategies to facilitate reciprocal spillover benefits 

Although the operationalizations and empirical evi- 
dence 1n this study are specific to the context of motion pic- 
tures, we beleve that our general conceptual framework 
(derived from brand valuation theory) and estimation 
approach (derived from finance theory) are generalizable to 
brand extensions 1n other industries Our method suggests 
that managers 1n other industries can determine the value of 
forward spillover by comparing predictions from models of 
brand extension revenues and nonbranded new product 
revenues To run regression models for these two invest- 
ment alternatives, our approach requires historical (or 
experimental) data for both brand extensions and simular 
nonextension new products Although managers can 
employ the general types of brand extension drivers used in 
this research (eg, parent-brand characteristics, extension 
characteristics, fit, interactions between fit and parent-brand 
characteristics), they also need to tailor these abstract cate- 
gories to their respective industry's conditions In addition, 
knowledge of industry-specific drivers 1s needed to create 
powerful substitutes for the film industry—specific equiva- 
lents used in this study 

Estimating reciprocal spillover value should be possible 
in other industries as well Longitudinal sales data are 
needed for a sufficiently large number of earher brand 
extensions as well as their parent brands Regression equa- 
tions can then be developed to explain any positive or nega- 
tive abnormal sales, again using 1ndustry-specific operation- 
alizations of parent and extension characteristics (and the fit 
between them) as independent variables Control variables 
should include industry-specific measures of the release 
timing of the extension product (absolute and relative to the 
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release of the parent brand) and the number of versions or 
models of the parent-brand product, among others As with 
any forecasting approach that 15 based on regression coeffi- 
cients that emerge from a prior time period, a stable market 
environment (e g , competition, core technologies, customer 
preferences) will enhance confidence ın predictions 


Implications for Theory and Further Research 


The approach we use can be adapted for research in other 
industry contexts in which the monetization of brand exten- 
sion rights 1s of similar importance Our exclusive use of 
factors that are easily quantifiable and do not rely on the 
aesthetic dimensions of motion pictures supports the adapt- 
ability of our model 

Although our findings support many conclusions of 
extant brand extension research, several contrasts exist 
While fit and marketing support have been found to explain 
the most variance 1n extension success (Volckner and Sat- 
tler 2006), brand awareness and retailer acceptance were the 
strongest predictors of extension success 1n our study Per- 
haps the distinct contexts provide potential explanation— 
most extant work on brand extensions has explored fast- 
moving consumer goods, where a prumary challenge for 
new products 1s gaining awareness in a crowded market, 
and in turn, marketing support ıs critical to inform con- 
sumers In contrast, for hedonic media products, because of 
heavy media attention to the release of an extension of a 
popular parent film and consumers’ intrinsic interest result- 
ing from the product category’s hedonic character, market- 
ing support does not carry the full burden of educating and 
attracting customers Given the short life cycle of films, dis- 


tribution intensity 1s another critical factor in driving sequel 
success An important direction for further research is the 
development of a comprehensive framework that identifies 
the contingencies that determine these relative impacts Our 
study extends fit-related research, and our approach of 
using specific aspects instead of a global measure can 
stimulate future studies on the dimensions of fit 1n different 
contexts 

Our finding of a reciprocal spillover effect extends the 
work of Balachander and Ghose (2003) Although their 
study found that advertising effects for a brand extension 
spill over to the parent, we found that the parent brand’s 
awareness and image primarily determine the strength of 
the reciprocal spillover effect and that extension character- 
istics play a lesser role Given mixed emerging evidence for 
both a positive (Balachander and Ghose 2003, this study) 
and a negative (John, Loken, and Jomer 1998) impact of 
brand extensions on parent brands, further research on 
reciprocal spillover is desirable Opportunities exist to 
explore consumers’ reappraisals of parent brands in light of 
brand extensions and to study market reactions to the parent 
1 response to alternative extension strategies 

In conclusion, this research introduces an approach for 
monetizing the brand extension value of products Using 
proprietary data from the motion picture industry, we pre- 
sent an approach that brand owners and potential buyers can 
apply to determine the monetary value of a brand extension 
night We demonstrate how both forward and reciprocal 
spillover effects can be considered to fully recognize the 
value of a brand extension 
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Kapil R. Tuli & Sundar G. Bharadwaj 


Customer Satisfaction and Stock 
Returns Risk 


Over the past decade, several studies have argued that customer satisfaction has high relevance for financial 
markets because it has a significant impact on stock returns However, little attention has been given to 
understanding the impact of customer satisfaction on the risk of stock returns The finance literature suggests that 
investors that judge performance only in terms of returns place more resources than warranted in risky 
opportunities, forgo profitable opportunities, and apply misguided performance evaluations Accordingly, this study 


develops, tests, and finds empirical support for the hyp 
customer satisfaction result in negative changes (le, 
idiosyncratic risk Using a panel data sample of publicly tra 


otheses that positive changes (1e, Improvement) in 
reduction) in overall and downside systematic and 
ded U S firms and satisfaction data from the American 


Customer Satisfaction Index, the study demonstrates that investments In customer satisfaction insulate a firm’s 
stock returns from market movements (overall and downside systematic risk) and lower the volatility of its stock 
returns (overall and downside idiosyncratic risk) The results are robust to alternative measures of risk, model 
specifications, and concerns related to sample composition степа raised їп some recent studies Therefore, the 
results indicate that customer satisfaction is a metric that provides valuable information to financial markets The 
robust impact of customer satisfaction on stock returns risk indicates that it would be useful for firms to disclose 
their customer satisfaction scores in their annual report to shareholders 


Keywords customer satisfaction, systematic risk, idiosyncratic risk, downside risk, relationship marketing 


size, loyalty, and the quality of the customer base of 

a firm (Fornell et al 2006, Morgan and Rego 2006) 
It 1s also viewed as a measure of a country’s economic 
health (Fornell et al 1996) and a metric to affirm the funda- 
mental principle of capitalist free markets, in which 
investors reward firms that meet customer needs better than 
competition (Fornell et al 2006) Not surprisingly, firms 
have invested considerable resources 1n measuring customer 
satisfaction, and it 1s viewed as the largest item of the 
annual market intelligence budget (Wilson 2002) 

The public availability of data from the American Cus- 
tomer Satisfaction Index (ACSI) has given rise to a large 
body of work that explores the financial impact of customer 
satisfaction Most of these studies show that customer satıs- 
faction has a strong positive impact on both accounting 
measures of returns (e g , Gruca and Rego 2005) and stock 
returns (е g , Aksoy et al 2008) However, there 1s an ongo- 
ing debate about whether customer satisfaction provides 
information for the financial markets (including financial 
analysts and institutional investors) beyond that reflected in 


C satisfaction 1s viewed as a measure of the 
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accounting metrics (see Fornell, Mithas, and Morgenson 
2009, Jacobson and Mizik 2009) 

Although a large body of literature has explored the 
impact of customer satisfaction on stock returns, little atten- 
tion has been paid to its impact on stock returns risk Stock 
returns risk 1s a key component of shareholder value that 
matters to financial markets (Barber and Odean 2000) and 
main street managers (Grinblatt and Titman 1998) Investors 
that judge performance only ın terms of returns place more 
resources than 1s warranted 1n risky opportunities, forgo 
profitable opportunities, and apply misguided performance 
evaluations (Markowitz 1952) Not surprisingly, it 1s a statu- 
tory requirement for financial analysts to articulate the risk 
of investing 1n a stock to investors (US Securities and 
Exchange Commission 2002) The purpose of this article 1s 
to examine the impact of customer satisfaction on stock 
returns risk. The study makes the following contributions 

First, this study contributes to the limited literature on 
the impact of customer satisfaction on stock returns risk 
(е в, Aksoy et al 2008, Fornell et al 2006, Gruca and Rego 
2005) by exploring both dimensions of stock returns risk 
systematic risk, or the degree to which a firm’s stock returns 
are a function of market returns, and idiosyncratic risk, or 
the volatility 1п stock returns that cannot be explained by 
market movements Although prior studies have examined 
the effect of customer satisfaction on systematic risk, its 
impact on idiosyncratic risk remains unexplored ! Idiosyn- 
cratic risk accounts for approximately 80% of the variation 





lAksoy and colleagues (2008) and Fornell and colleagues 
(2006) use a portfolio approach, and thus idiosyncratic risk 1s 
diversified away, and the impact of customer satisfaction on it 15 
not estimated 
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ш a firm’s stock returns, and financial analysts tend to use 
idiosyncratic risk when issuing their rating of the risk of 
investment 1n a stock (Lui, Markov, and Tamayo 2007) 
High idiosyncratic risk can put the survival of a firm at risk, 
hamper efforts to acquire or divest firm stock, and affect the 
value of stock options (e g , Clayton, Hartzell, and Rosen- 
berg 2005) Therefore, examining the impact of customer 
satisfaction on idiosyncratic risk 1s responsive to recent 
calls to demonstrate the relevance of marketing for financial 
markets (e g , Rust et al 2004) 

Second, this study complements prior literature by 
exploring the impact of customer satisfaction on downside 
systematic and idiosyncratic risk Downside systematic risk 
represents the degree to which stock returns are sensitive to 
the downturns ın stock market (Ang, Chen, and Xing 2006) 
The impact of customer satisfaction on downside system- 
atic risk indicates the extent to which investments in cus- 
tomer satisfaction can insulate a firm against stock market 
downturns (see Petkova and Zhang 2005) Downside 1dio- 
syncratic risk represents the volatility 1n stock returns when 
a firm’s stock returns are negative The impact of customer 
satisfaction on downside idiosyncratic risk indicates the 
degree to which customer satisfaction lowers the volatility 
of potential losses from investing in a firm’s stock 
(Markowitz 1959) This 1s important because investors are 
typically more concerned about the prospect of losses than 
gains from investments (see Gul 1991, Harvey and Siddique 
2000) 

Third, this study contributes to the theoretical literature 
on customer satisfaction by developing hypotheses that out- 
line the impact of customer satisfaction on systematic risk 
and idiosyncratic risk. As such, this study complements 
prior literature that investigates customer satisfaction’s 
impact on stock returns (Morgan and Rego 2006), its attitu- 
dinal benefits (Homburg, Koschate, and Hoyer 2005), and 
organizational outcomes (Luo and Homburg 2007) 

Fourth, this study presents empirical analyses that take 
into account concerns related to the use of (1) alternative 
measures of risk, (2) inclusion of accounting variables, and 
(3) sample composition in studies that use stock market— 
based data (see Bali and Cakici 2008, Fama 1998) We find 
that customer satisfaction lowers overall and downside sys- 
tematic and idiosyncratic msk These results are robust to 
the concerns highlighted 1n prior research and indicate that 
customer satisfaction provides valuable information to 
financial markets, which complements the information con- 
tained 1n accounting measures The results speak directly to 
the Financial Accounting Standards Board (1978), which 
recommends that firms should provide nonfinancial infor- 
mation to investors that can help them assess the amount, 
timing, and uncertainty of prospective cash receipts As 
such, customer satisfaction 1s a valuable metric that should 
be considered for disclosure 1n a firm’s annual report, and it 
should be among the list of key performance drivers in 
communications to financial markets 

This study also contributes to the recent efforts to high- 
light the relevance of marketing imtiatives to senior man- 
agement (Rust et al 2004) Firms are increasingly using 
customer satisfaction as an implementation performance 
metric (Kaplan and Norton 1996) and as a measure of 


competitive advantage (Morgan, Anderson, and Mittal 
2005) Therefore, financial markets want to know whether 
customer satisfaction 1s a relevant metric given its myriad 
uses Moreover, because chief executive officer (CEO) 
compensation 15 influenced by customer satisfaction (Ittner, 
Larcker, and Rajan 1997), its impact on risk 1s critical їп an 
environment in which pay for performance 1s increasingly 
important 1n the eyes of shareholders 


Marketing Strategy and Stock 
Returns Risk 


Although there 1s conceptual recognition that marketing- 
related investments, such as brand building, serve to reduce 
risk (eg, Srivastava, Shervani, and Fahey 1997), little 
empirical work has demonstrated this benefit An early 
study finds that some marketing strategy variables reduce 
risk (measured as variance 1п return on investment), while 
others inflate 1t (Bharadwaj and Menon 1993) Madden, 
Fehle, and Fournier (2006) find that a portfolio of strong 
brands has a much lower systematic risk than a portfolio 
without strong brands McAlister, Snnivasan, and Kim 
(2007) find that advertising and research-and-development 
(R&D) investments are associated with lower systematic 
risk 2 Finally, Sorescu and Spanjol (2008) find that while 
incremental innovations are unrelated to risk, breakthrough 
1nnovations lead to higher risk 

Three recent studies have examined whether customer 
satisfaction reduces risk. First, Gruca and Rego (2005) find 
that customer satisfaction has a negative effect on system- 
atic risk. However, they do not test whether the impact of 
customer satisfaction on systematic risk 1s robust to alterna- 
tive models used to calculate systematic risk. Such analyses 
are important because research in finance shows that the 
results of studies that use stock market data tend to depend 
on the models used to calculate the variables based on stock 
returns (Fama 1998, see also Aksoy et al 2008) 

Second, Fornell and colleagues (2006) find that a port- 
folio of firms with above-average customer satisfaction and 
Increases 1n customer satisfaction not only produces excess 
returns but also produces systematic risk less than one, that 
1s, there 1s no risk premium. However, they do not examine 
the impact of changes in customer satisfaction on the 
changes 1n systematic risk at the individual firm level Thus, 
the likelihood that increases їп customer satisfaction do not 
affect a firm's systematic risk 1s not ruled out 

In a third study, Aksoy and colleagues (2008) find that 
there 1s no difference between the systematic risk of a port- 
folio of firms with high and increasing customer satisfac- 
tion and a portfolio of firms with low and decreasing cus- 
tomer satisfaction Analysis of the impact of customer 
satisfaction on systematic risk at the firm level is also 
Important to ascertain whether customer satisfaction pro- 
vides information beyond accounting variables (е g , lever- 
age) that 1s likely to affect systematic risk 


ee" 

2Systematic risk 15 also labeled as market risk, or beta To be 
consistent with the marketing literature, we label it as systematic 
risk (McAlister, Srinivasan, and Kim 2007) 
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To the best of our knowledge, the preceding studies do 
not investigate the impact of customer satisfaction on 1d10- 
syncratic risk Because high idiosyncratic risk indicates 
high uncertainty about expected cash flows, 1t can put the 
survival of a firm at risk, and therefore 1t 1s important to 
managers and employees (Grinbaltt and Titman 1998) 
Moreover, because incentives are frequently tied to stock 
returns, managers are concerned about idiosyncratic risk 
(Pace 1999) High idiosyncratic risk can inhibit. strategic 
moves, such as acquisitions and divestures, because poten- 
tial partners are likely to be wary of being acquired by or 
acquiring a firm with a high degree of uncertainty over its 
future cash flows (see Clayton, Hartzeli, and Rosenberg 
2005) Not surprisingly, there 18 substantial empirical evi- 
dence to suggest that idiosyncratic risk 1s a relevant risk 
metric (eg, Ang et al 2006, Guo and Savickas 2008) 
Indeed, recent research in accounting has suggested that 
financial analysts should track a firm's idiosyncratic risk 
when issuing their rating of the risk associated with invest- 
ment 1n a stock (е g , Lu, Markov, and Tamayo 2007) 

Finally, prior studies have not examined the impact of 
customer satisfaction on the downside systematic risk and 
downside idiosyncratic risk A negative impact of customer 
satisfaction on downside systematic risk could underscore 
its value as a marketing investment that insulates a firm 
from market downturns (see Ang, Chen, and Xing 2006) 
Similarly, a negative impact of customer satisfaction on 
downside idiosyncratic risk could underscore its value as an 
investment that lowers the risk of negative stock returns 


Relating Customer Satisfaction to 
Stock Returns Risk 


The key theoretical argument for making investments to 
increase customer satisfaction 1s that satisfied customers are 
more likely to reward the firm by staying with it longer 
Several studies have shown that customer satisfaction 
enhances customer retention and therefore generates a loyal 
and stable customer base (e g , Anderson and Sullivan 1993, 
Bolton 1998, Fornell 1992, Mithas, Jones, and Mitchell 
2004, Mittal and Kamakura 2001) We use the results of 
these studies and develop our hypotheses 


Customer Satisfaction and Systematic Risk 


Firms that can cushion themselves from the impact of mar- 
ket movements and deliver consistent cash flows typically 
enjoy lower systematic пок We propose that increases in 
customer satisfaction engender customer loyalty, which in 
turn cushions a firm's cash flows from the impact of market 
movements 

Higher customer satisfaction engenders customer loy- 
alty because 1t indicates a superior value proposition for the 
customer (eg, Mittal and Kamakura 2001) Increases in 
customer satisfaction also increase product usage, which 
generates experience with the product and reduces the cus- 
tomer's perceived risk (Bolton, Kannan, and Bramlett 
2000) Greater customer loyalty along with the lower per- 
ceived risk and superior value proposition facilitates the 
formation of close relationships 1n which tbe customer has 
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greater commitment to the firm (Gustofsson, Johnson, and 
Roos 2005) 

When market downturns occur, firms compete more 
intensely, and customers are likely to be tempted by 
competitive offers However, highly satisfied customers 
who have greater commitment to a firm are less likely to 
consider other firms because the superior value provided by 
the firm 1s valuable to them during downturns (e g , Heide 
and Weiss 1995) This 15 because, during downturns, cus- 
tomers are under pressure to secure offerings that provide 
greater value in terms of better utility or lower costs (see 
Soberman and Gatignon 2005) Indeed, Noordeweir, John, 
and Nevin (1990) find that customers tend to purchase more 
from suppliers with which they have a greater commitment, 
especially 1n conditions of high uncertainty, such as market 
downturns This suggests that increases 1n customer satis- 
faction lower the vulnerability of a firm’s cash flows to 
market downturns 

In contrast, firms with declining customer satisfaction 
suffer from insecure cash flows during market downturns 
because their customers are more likely to switch if other 
suppliers provide marginally better offerings or lower 
prices This 1s because declining customer satisfaction 
scores indicate that a firm’s customers do not perceive it as 
providing them with a value proposition that 1s attractive 
enough to turn down competitive offers, which are more 
likely during market downturns Therefore, the firm’s cash 
flows are likely to be severely affected by market down- 
turns Because the stock price 15 the discounted value of 
expected cash flows, greater sensitivity of expected cash 
flows to market returns translates into higher systematic 
rsk Thus, increases 1n customer satisfaction are likely to 
lower the sensitivity of a firm’s stock returns to market 
movements 1n general and to market downturns 1n particu- 
lar Therefore, we expect the following 


H, A positive change in customer satisfaction results in a 
negative change ın a firm's (a) systematic risk and (b) 
downside systematic risk 


Customer Satisfaction and Idiosyncratic Risk 


Idiosyncratic risk reflects stock returns volatility, which 1s 
affected primarily by a firm's actions We propose that cus- 
tomer satisfaction facilitates a firm's ability to understand 
its customers, which 1n turn reduces the volatility in 15 cost 
and revenue streams, thus lowering its overall and downside 
idiosyncratic risk 

Increases in customer retention stemming from 
increases 1n customer satisfaction foster a stable customer 
base In turn, a stable customer base promotes a firm's abil- 
ity to learn about its customers, their unique requirements, 
and their demand patterns (see Tuli, Kohli, and Bharadwaj 
2007) As a firm becomes more familar with customer 
demand patterns, ıt can anticipate changes in customer 
demand and adjust 1ts production cycle accordingly, lower- 
ing the mismatch between firm inventory and customer 
orders (Bharadwaj, Bharadwaj, and Bendoly 2007) Thus, 
firms that deliver higher customer satisfaction are likely to 
have lower volatility 1n inventory costs 


Greater knowledge of the customer base also reduces 
the variance 1n a firm’s customer service costs that might 
occur because of the rejection of unsuitable offerings, a 
result of a poor understanding of customer requirements 
(Anderson, Fornell, and Lehmann 1994) Such product 
returns are not trivial, as exemplified by the $13 8 bullion 
spent by the US electronics industry in 2007 due to cus- 
tomer product returns (Lawton 2008) Indeed, firms that 
increase their customers’ satisfaction have far fewer cus- 
tomer complaints and higher customer retention (Bolton 
1998, Brown et al 2005) Consequently, such firms have 
lower costs of customer recovery and are less reliant on dis- 
count pricing to retain customers 

Highly satisfied customers also provide positive word of 
mouth for a firm (Lam et al 2004) Positive word of mouth 
engenders greater credibility among customers and serves 
as a low-cost channel for retaining customers (Villanueva, 
Yoo, and Hanssens 2008) It may also serve as a counter- 
vailing strategy rather than the traditional policy of firms to 
confront advertising attacks with advertising retaliation 
(Steenkamp, Hanssens, and Dekimpe 2005) Thus, positive 
word of mouth enhances a firm’s advertismg and promo- 
tional efficiency, which in turn reduce 1ts marketing-related 
costs (Luo and Homburg 2007) 

Highly satisfied customers are also likely to continue 
purchasing and even to increase their purchases from a firm 
(eg, Rust, Zahorik, and Keiningham 1994, 1995) Lower 
volatility 1n costs and greater stability of revenues result 1n 
more stable cash flows and are likely to lower idiosyncratic 
risk Because customer satisfaction 1s perceived as а mea- 
sure of customer loyalty and quality and because satisfied 
customers are likely to increase their purchases from a firm 
(Mittal and Kamakura 2001), increases 1n customer satisfac- 
tion can be perceived as a signal of higher future revenues 
Therefore, increases ın customer satisfaction are likely to 
allay concerns related to negative cash flows—that 1s, to 
lower the downside idiosyncratic risk of a firm Formally, 


H, A positive change in customer satisfaction results in a 
negative change 1n a firm's (a) idiosyncratic risk and (b) 
downside idiosyncratic risk 


Method 


Measures 

Dependent variables We use the Fama—French three- 
factor model to obtain the measures of systematic and 1dio- 
syncratic risk (Fama and French 1993) For each firm, we 
estimate Equation 1 using the daily observations for the 
four quarters for which customer satisfaction 1s measured 
In Equation 1, Bm represents the systematic risk for a firm, 
and we obtain the idiosyncratic risk by calculating the stan- 
dard deviation of residuals from this model 


(1) (Ri – Re) = о, + Вр(Вли – Re) + Bs,(SMB), 
+ Ba (HML), + Ер 
where 


К, = daily return on stock of firm 1 on day t, 
Кр = daily risk-free return on day t, 


Ели = daily return on a value-weighted market 
portfolio on day t, 
(SMB), = Fama—French size portfolio on day t, and 
(HML), = Fama-French market-to-book ratio portfolio 


on day t 
(2) Ry = (Dy + Pi) – Pie- )1Р;ь апа 
(3) Rit = (Li - La- La- 1» 


where 


D, = dividends from stock 1 on day t, 

P, = split-adyusted price of stock 1 on day t, and 

L, = market price-adjusted index of a value-weighted 
market portfolio comprising all stocks on NAS- 
DAQ, AMEX, and NYSE markets on day t 


We obtain downside systematic risk (Вар) from Equa- 
tion 4 for observations in which excess market returns are 
negative (see Ang, Chen, and Xing 2006) 


(4) (Ri ш Rp) = баң + Вата пе xd Rg) + Bas (SMB), 
+ Ban(HML), + Ед, 


where (Rnt — Rg) < 0 

We measure downside idiosyncratic risk as the standard 
deviation of the residuals obtained from Equation 5 for 
observations in which excess firm returns are negative This 
measure corresponds to the concept of semivariance—that 
1s, the variance 1n negative returns from investing 1n a stock 
(see Markowitz 1959) 


(5) Ri- Re) = Cant + Ва (К – Ка) + Ba (SMB), 
+ Barm(HML), + Ед, 
where (Ry — Rp) < 0 


Customer satisfaction We use the ACSI database (http // 
www theacsi org) to obtain customer satisfaction scores 
The ACSI collects customer satisfaction data from more 
than 50,000 customers through telephone interviews The 
overall customer satisfaction scores are scaled from 0 to 
100 and have been released 1n the public domain since 1994 
(for a detailed discussion of the ACSI methodology, see 
Fornell et al 1996) In the current study, we include only 
the firms that are listed on three U S -based stock exchanges 
(NASDAQ, NYSE, and AMEX) We use the natural logs of 
customer satisfaction for each firm because this lowers the 
influence of extreme values (е в, Anderson, Fornell, and 
Rust 1997) 


Control variables The Appendix outlines the control 
variables, their definitions, and the literature supporting 
their inclusion in the models We control for the effects of 
R&D investments with the ratio of R&D to total assets In 
addition, we follow research 1n accounting and finance and 
use total assets, return on assets, dividend payouts, financial 
leverage, and liquidity as control variables To control for 
competitive activity in an industry, we use the Herfindahl 
concentration index (see Hou and Robinson 2006) To con- 
trol for the systematic effects across time, we use year dum- 
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mies that correspond to the year in which the customer sat- 
1sfaction score was measured 


Data Collection 


We use four different sources to collect data for the current 
study The customer satisfaction metric comes from the 
ACSI database The ACSI collects and releases data on an 
annual basis, but 1t does so throughout the year 1n different 
quarters for firms ın different industries For example, 
scores for firms in the manufacturing durables category are 
released 1n the second quarter, and scores for firms 1n the 
retail sector are released 1n the fourth quarter We obtained 
the customer satisfaction scores from the fourth quarter of 
1994 to the fourth quarter of 2006 Because our objective 1s 
to test the effect of changes in customer satisfaction on 
changes in risk and because our models control for the 
lagged values of the dependent variables, we use firms for 
which at least three years of customer satisfaction data are 
available 

We obtained data for firms' stock prices from the Uni- 
versity of Chicago's Center for Research 1n Security Prices 
We obtained data for the value-weighted market portfolio, 
the Fama—French size and market-to-book ratio factors, 
Treasury bond rates, and the momentum factor from the 
data library maintained by Kenneth French? For the 
accounting measures, we used Standard & Poor’s COMPU- 
STAT quarterly data file Following Jacobson and Mizik 
(2009), we align the quarterly COMPUSTAT data with the 
annual ACSI data 

Combining the data sets yields 1318 pooled time-series 
and cross-sectional observations for the customer satisfac- 
tion scores and both overall and downside systematic and 
idiosyncratic risk That is, we estimated 1318 regressions 
using the Fama—French three-factor model to calculate the 
dependent variables In line with the finance literature, we 
find that, on average, the Fama—French three-factor model 
explains 21% of the variance 1n stock returns (e g , Goyal 
and Santa-Clara 2003) That ıs, idiosyncratic risk accounts 
for 79% of the variance 1n stock returns of the firms ш this 
sample These observations come from 29 different Stan- 
dard Industrial Classification (SIC) two-digit industry 
groupings As we show in Table 1, the largest group of 
observations 1s from the utilities industry (SIC 49), which 
has 255 observations 

Table 2 outlines the descriptive statistics and correla- 
tions between the variables As we also show in Table 2, the 
correlations between customer satisfaction and systematic 
risk, downside systematic risk, idiosyncratic risk, and 
downside idiosyncratic risk are 1n the expected direction for 
both levels and first differences of variables 


Model and Estimation Procedure 
We assess the impact of changes 1n customer satisfaction on 
changes in risk measures because it lowers the potential 
problems associated with autocorrelation and removes the 
impact of time-invariant unobservable factors (e g , Jacob- 


3See http //mba tuck dartmouth edu/pages/faculty/ken french/ 
data_library html 
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TABLE 1 
Sample Distribution Across Industries 

sic 

Code Industry Name Observations 
01 Agriculture production crops 9 
20 Food and kindred products 188 
21 Tobacco products 7 
22 Textile mill products 6 
23 Apparel and other finished products 30 
27 Printing, publishing, and allied 10 
28 Chemicals and allied products 43 
29 Petroleum refining and other 30 

industries 
30 Rubber and miscellaneous plastic 23 
products 
35 Industrial, commercial machinery, and 47 
computer equipment 
36 Electrical and other electrical 40 
equipment, excluding computers 
37 Transportation equipment 72 
42 Motor freight transportation and 6 
warehouse 
45 Transportation by air 75 
47 Transportation services 7 
48 Communications 57 
49 Electric, gas, and sanitary services 255 
52 Building material, hardware, and 12 
garden retail 

53 General merchandise stores 98 
54 Food stores 66 
56 Apparel and accessory stores 8 
57 Home furniture and equipment stores 8 
58 Eating and drinking places 36 
59 Miscellaneous retail 19 
60 Depository institutions 46 
63 Insurance carriers 36 
70 Hotels and other lodging places 35 
73 Business services 33 
99 Conglomerates 16 


son and Mizik 2009) However, note that using a changes 
model carries the cost of not being able to estimate the 
effects of levels of customer satisfaction on the levels of 
risk measures Subsequently, we test levels models and find 
that our substantive conclusions are robust to this specifica- 
tion Because past stock returns risk predicts future risk, we 
include the lagged differences in the dependent variable in 
the model (Lui, Markov, and Tamayo 2007) The inclusion 
of the lagged dependent variable also controls for inertia, 
persistence, and different initial conditions (see Mizik and 
Jacobson 2004) 


Systematic Risk Model 


(6) AB = Ymi Авит - D) + Ym2(ACS,7) + Ym3(AR&D,7) 
+ Yma (AXT) + Дет, 


where 


АВшт = Brut Ex Вит – 1» 
Baur = systematic risk of firm 1 for year (Т), 
CS,7 = log of customer satisfaction score of firm 1 for 
year (Т), 





00 | РО – cO L0 – S0 – SO 10 – 
00 | 80 8l 8l Ez- РО £0- EE 

00 | РО – РО – 20 50 – 10 – 20 – 
00 | 60- 90- [0- | Z0 60 

001 Sz-  90- 00 £0 — 

001 80- S0 0c - 
001 cO- 90 


јелај %06 94112 jueoyiubis Әле SIE} ш SUOIJE[91IOO [у зејом 





vO- 20 00 291! хәриг |уеришен е 
РІ 60 00 ЕР Аџртбгј LL 
20 – ve 10 – 720! spuepiA(] OL 
00 c0 00 0611 519556 ЈЕЈОЈ 6 
cO- Oc 20 Sell Sjesse uo uinjeH 8 
Z0- РО 00 ЭН ole 59550 [£)0]I- (79H Z 


10 – LO 00 8/6 абелалој 9 


90 – РО 00 291! иоцоејѕцеѕ јешојепо G 
Zé v 00 ZOLL xsu oneiouÁsoripr орзимод p 
22 18 10 – 291! ysu one1ouÁsolp| € 
89 99 00 ZOLL ysu оцешајзл5 spisumog 2 


001 142 10 – 2911 YSU oneuiejsÁS | 
MD M I MM DLL. Lc ——————''————— ИМ. EMI 2 ERU. _ __-_ = = ir auri m 


S9|qeueA ui зобиву5 


00 | 00 cO- Z0 20 LO lo- zł- 90- 
00 | 80- Ze- 20- 20 oo – LL Р 

001 9: 91 vO – РО 82 £0 — 

00 L Iz- 60- ZZ 9L- Gz- 

001 sz- Ot- be 62 – 
00 | SZ- 81 Si 
001 9€ – 8L 

00 L 12 – 

00! 


90 – 


91 


S0- 
12 – 
06 – 
21 


2} 


се – 


£6 
001 


S0 – 
20 
£0- 
80 
ZL— 
yO – 
сс 
22 – 
6c 
be 
00 | 


90 – 61 61 8LEL хәри јцериџшән 21 
Р 69 $ | 6ZLL Aupmbr] LL 
S0 – РО 20 282! SPUSPIAIG OL 
S0 ар! S96 882! SJesse [Е10] 6 
ec — 80 £L 6921 Sjesse uo uinjeH 8 
10 – РО LO ви Оце; $9586 ЈЕЛО --О9УН Z 
0с [574 8c 262! ебејелој 9 
Ze — 60 coy 8LEL UOHORISHeS ешојел5 G 
62 L8 Р 1 81Є1 ysu onejouÁsoipi орзимод p 
82 201 08 1 SLEL ysu опејошћзор] € 
ZZ SS L6 SLEL ysu оцешејзл5 грзимод 2 


001 ар L6 8LEL yS oqeuiejsAg | 
Eu o a e M o ee LU LC LLL a SUP PU 


зојаенел JO зјалој 


сі LL о: 6 8 2 9 5 v € © L as N ѕиоцелләѕао зојдемед 
Ева наа == ea а ee 


xen иоцејәлод pue sonsneis әлцацоѕәа 
с 21891 


Customer Satisfaction and Stock Returns Risk / 189 


R&D,, = R&D scaled by total assets of firm 1 for year 
(Т), 
Хут = control variables for firm 1 for year (T), and 
£m = random error term 


Downside Systematic Risk Model 
(7) ABanir = Yami(ABamicr – 1) + Yam2(ACSy1) + Yam3(AR&D,1) 
+ папа (АХ т) + A Gr, 


where 


ABamt = Вашт – Вапит – 1» 
башт = downside systematic risk of firm 1 for year 
(T), and the other symbols have the usual 
meanings 


Idiosyncratic Risk Model 


(8) AIR, = (AIR ст 1) + Y2CACS,7) + ¥3(AR&D,7) 
+ ҮКАХ,т) + AG, 
where 


АК; = IR - Кет – 1 
ЈЕ т = 1diosyncratic risk of firm 1 for year (Т), 
CS,T = log of customer satisfaction score of firm 1 
for year (T), 
R&D,T = R&D scaled by total assets of firm 1 for year 
(T), 
XT = control variables for firm 1 for year (T), and 
Ф,т = random error term 


Downside Idiosyncratic Risk Model 
(9) АРІК т = Ya (ADIR cp _ 1) + Ya(ACS T) + Yax(AR&D,7) 
Ya AX) + Атт, 
where 
АПЕТ = Рт = РІК, т – 1» 
РТВ т = downside idiosyncratic risk of firm 1 for year 


(T), and the other symbols have their usual 
meanings 


Addressing Endogeneity 


A key benefit of using a panel data set 1s that 1t enables us to 
control for the potential endogeneity Equations 6—9 include 
three variables that are likely to be endogenous 


Lagged dependent variable The lag of the dependent 
variable in Equation 6 (АВ, – 1)) 18 correlated with the 
error term (Дет) This 1s because term £y _ 1) 15 present 1n 
the differenced error term Деут and 1s a component of the 
lag of the dependent variable For example, 


(10) Авит = Ymi (Amer - 1) + Ym2(ACS,7) + Ym3(AR&D,7) 


+ "Ina AX) + Дет, 
(11) ABmict - 1) = Pmr- 1) 7 Baer - 2)» 
(12) Вьет) = Ymi Bm – 2)) + (Ст – 1) 


+ Ym RED, – 1) + (т 1) + &r- 1» and 
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(13) Дет = £g — Éqr-1) 


Similarly, the lagged dependent variables ш Equations 7—9 
are endogenous 


Customer satisfaction Prior research has argued that 
customer satisfaction should be treated as endogenous For 
example, a firm's investments in relationship-building 
activities, such as customer loyalty programs and customer 
service employee training, can affect customer satisfaction 
(eg, Srinivasan and Moorman 2005) These factors also 
require dedication of substantial resources, which 1n turn 
can influence a firm’s stock returns msk As such, customer 
satisfaction 1s highly likely to be correlated with the error 
term In addition, 1t can be argued that the lack of stability 
1n a firm's operations might affect its performance with the 
customer and lower its customer satisfaction score That 1s, 
riskier firms are likely to underperform their less risky 
counterparts and to have lower customer satisfaction 
Therefore, customer satisfaction 1s likely to be endogenous 


R&D Because managers may be forward looking, R&D 
investments are endogenous 1п a model with stock returns 
risk as the dependent variable (McAlister, Srinivasan, and 
Kim 2007) Following Arellano and Bond (1991), we use 
the lagged-level values of endogenous variables as instru- 
ments for their first differences (for applications of this 
method, see Gupta 2005, Narasimhan, Dutta, and Rayiv 
2006) For example, ın Equation 6, Ват – 2) and other lags 
can be used as an instrument for ABmicr – 1) under the fol- 
lowing condition (Arellano and Honore 2001) 


(14) Eler- 1) ё(т-2)] = 0 

This is because 

(15) Вт 2) = Ym Pmr- 3) + ¥ma(CSy¢p – 2) 
+ Ym REDT- + (Хт – 2) + £r –2) 


Under the condition in Equation 14, Вт – 2) 18 a valid 
instrument for AB үт – 1) for the following reasons 


1 It ıs correlated with Ayr... 1) because ABmicr - 1) = 
Врат – D7 Bur – 2) 

2 It 1s not correlated with the error term Де,т 1n Equation 6, 
because Дет = &т — ёт — 1) (16, И does not contain 


£y - 2) 


Similarly, С$ щт – 1) and further lags can be used as instru- 
ments for ACS mr, and R&D yz 1) and further lags can be 
used as instruments for AR&D ит We test for the validity 
of the instruments using the Hansen (1982) test of overiden- 
tifying restrictions The null hypothesis in this test 1s that 
the model specification meets the moment condition speci- 
fied in Equation 14, and therefore instruments are valid 
After selecting the instruments, we use the generalized 
method of moments estimator, which yields unbiased and 
consistent estimates (see Arellano and Bond 1991, Arellano 
and Honore 2001) 


Results 
Table 3 outlines the results of the models Because we use 
fust differencing and the lagged values of dependent 
variables, the sample size for overall and downside system- 


TABLE 3 
Customer Satisfaction Lowers Systematic and Idiosyncratic Risk 





Systematic 

Risk 
A(Dependent Variable), _ 1) — 01 
A{log(Customer Satisfaction)], —188** 
A(Leverage), 76** 
A(R&D Ratio); -3 10** 
A(ROA)rt -1 21“ 
A(Total Assets), 16* 
A(Dividends Рак); –1 36 
A(Liquidity),, 11 
A(Industry Concentration), —1 30*** 

806 
Wald's chi-square 100 23 (20)*** 
Hansen test 107 37 (110) 
*p< 10 
**р< 05 
™p< 01 


atic and idiosyncratic risk models 1s 806 observations (129 
firms) As Table 3 shows, across models, we fail to reject 
the null hypotheses for the Hansen test Thus, the instru- 
ments used 1n the estimation are valid 


Overall and Downside Systematic Risk 


The results support H,, and Hy, a positive change ın cus- 
tomer satisfaction results in a negative change ın systematic 
risk (-1 88, p < 05) and in a negative change 1n downside 
systematic risk (—3 76, p < 01) The results of the control 
variables are largely in line with prior work in marketing 
and finance We find that high financial leverage enhances 
systematic risk ( 76, р < 05) and downside systematic risk 
(89, p « 10) This supports the argument that firms with 
greater financial strength (1e, lower leverage) are less 
affected by market downturns and thus are likely to have 
lower systematic risk (see Lie 2005) We also find that the 
changes in R&D investments have a significant effect on 
systematic risk (-3 10, р < 01) and downside systematic 
risk (-7 80, p < 01) 

We find that changes in return on assets lower system- 
atic risk (—1 21, p < 05) and that dividend payouts tend to 
enhance downside systematic risk (4 75, p « 05) This sug- 
gests that financial markets do not reward firms that are not 
willing to reinvest their earnings to secure future cash flows 
in market downturns Finally, we find that increasing indus- 
try concentration lowers systematic risk (-1 30, p < 01) and 
downside systematic risk (-1 26, p < 05) 


Idiosyncratic Risk and Downside Idiosyncratic 
Risk 

Consistent with Hy, and Hoy, we find that a positive change 
in customer satisfaction results in a negative change 1n 1di0- 
syncratic risk (—3 42, p < 05) and a negative change in 
downside idiosyncratic risk (-2 31, p < 01) The results for 
the other control variables are largely in lme with the 
finance literature We find that increases in leverage 
1ncrease the perceptions of financial concerns and therefore 


Downside Downside 
Systematic Idiosyncratic Idiosyncratic 
Risk Risk Risk 
— 05 — 07" – 16*** 
–3 76*** -3 42“ -2 31“ 

89" 4 06*** З 64*** 
-7 80*** – 26 124 
114 -5 36*** –3 02*** 
37** 10 01 
475** 51 13 
– 12 19 — 10 
—1 26" 180"* 118“ 
806 806 806 
92 32 (20)*** 60128 (20)*** 41216 (20)*** 
107 65 (127) 106 67 (110) 107 45 (127) 


increase idiosyncratic risk (406, p < 01) and downside 
idiosyncratic risk (3 64, р < 01) Similarly, increases in a 
firm’s earnings (return on assets) soothe investors’ concerns 
and therefore lower idiosyncratic risk (—5 36, p « 01) and 
downside idiosyncratic risk (—3 02, p < 01) 

We find that increases 1n industry concentration increase 
idiosyncratic risk (1 80, р < 05) and downside idiosyncratic 
risk (118, p « 05) An explanation for this could be that 
increases Іп industry concentration indicate that several 
firms are exiting an industry (e g , Dobrev, Kum, and Carroll 
2002) Moreover, as industries become more concentrated, 
they become likely targets for government scrutiny and 
regulation In turn, this could raise concerns about the 
attractiveness of an industry and uncertainty over future 
earnings of the firms in it As a result, firms in such 1ndus- 
tries are likely to have greater idiosyncratic risk 


Sensitivity Analyses 


To draw policy implications and communicate the value of 
marketing actions to financial markets, we assess the 
robustness of our results This 1s especially important 
because prior work 1n finance has shown that conclusions 
drawn from an analysis of abnormal returns and risk mea- 
sures can change when factors such as sampling aspects and 
models used to measure returns and/or risk are changed (see 
Bali and Cakic1 2008, Fama 1998) 


Removing potential outliers To test whether the results 
are driven by outliers, we removed observations with resid- 
uals ın the top and the bottom five percentiles As we show 
in Table 4, there are no changes in the substantive conclu- 
sions of the current study 4 


4In addition to removing the potential outliers, we test the sensi- 
tivity of our conclusions to recent research, which indicates that 
customer satisfaction has little effect on stock returns after remov- 
ing firms from the computer and Internet sector (SICs 37, 59, and 
73) and the utilities sector (SIC 49) from the sample (Jacobson and 
Mizik 2009) Our results are largely consistent when we use such 
sensitivity analyses 
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Removing stocks with price less than $2 Low-priced 
stocks tend to exhibit behavior that 18 contrary to the normal 
behavior of the majority of stocks (Ball, Kothan, and 
Shanken 1995, Hertzel et al 2002) To address this issue, 
we conducted the analyses by removing the stocks from the 
sample that had a year-end stock price of less than $2 As 
we show п Table 4, our substantive conclusions do not 
change when we remove these observations 

Using a level’s model Although we use the changes 
model along with the generalized method of moments esti- 
mator, we also test to determine whether our conclusions 
are robust to the use of levels models 


(16) Врт = "ai (sucer - 1) + Ym2(CSy7) + ¥m3(R&D,7) 
+ Yma(Xır) + ёт, 


(17) Ваът = ami (Ват – 1) + Yam2(CSir) + Yam (R&D,T) 


+ Yams (X.T) + бт, 


(18) ІК, т = ТОК ст 1)) + Yo(CS,7) + (88Р) 
+ (Хут) + Фу, and 


(19) DIR = DR a- 1)) + YCS) + Үаз(К&р;т) 
+ ува Ст) + Тт 


We test our hypotheses by estimating Equations 16—19 
using a seemingly unrelated regresstons approach that 
allows for correlations between error terms across these 
models (Wooldridge 2006) As we show 1n Table 4, our sub- 
stantive conclusions remain unchanged when using the lev- 
els model rather than the changes model 

Using unanticipated changes in independent variables 
Because customer satisfaction 1s highly autocorrelated ( 91, 
р < 001), changes ın ıt are likely to be unexpected (Jacob- 
son and Mizik 2009) An alternative method to measure 
unexpected changes 15 to regress a variable on its lags and 
use the residuals as a measure of unanticipated changes (see 
Jacobson 1987) We calculate unanticipated values of cus- 
tomer satisfaction and the control variables using this 
method and use the following models 


(20) Ват = Yat рит = р) + Ym2(8CS,7) + Ym3(SR&D,7) 
+ Ym4(8X,7) + Єт, 


(21) Ватт = Тапи (Ватист – 1)) + Yam2(5CS,p) + Yam3(SR&D,p) 
+ Чапа(бХ т) + бт 


(22) ІК, = Кт 1)) + (6057) + ¥3(SR&D,7) 
+ ТХ, т) + Фу, and 


Q3) DIR, = у (DIR... 1)) + Ya:(6CS,7) + Yu3(SRED,7) 


+ "Ya (6X,7) + тт, 
where 


6С$,т = unanticipated customer 
satisfaction, 
OR&D,r = unanticipated changes in R&D, and 


дХ т = unanticipated changes 1n control variables 


changes ın 


Consistent with the preceding analyses, we estimate these 
models using a seemingly unrelated regressions approach 
As we show 1n Table 4, our substantive conclusions remain 
unchanged when using this method 

Taking momentum into consideration Studies 1n finance 
routinely use the Carhart (1997) model that includes the 
momentum factor to assess the robustness of their results to 
the use of the Fama-French three-factor model (outlined 1n 
Equation 1) The momentum factor 1s defined as the differ- 
ence 1n the returns of firms with high and low prior stock 
performance (“up” minus “down”) during day t (Carhart 
1997) Specifically, we use the following model to measure 
systematic and idiosyncratic risk (rather than Equation 1) 


(24) (Ri — Rp) = O + Врли – Re) + B,(SMB), 
+ Bu (HML), + B,,(UMD), + Eu, 


where (UMD), 1s the momentum factor on day t and the other 
symbols have their usual meanings As we show 1n Table 4, 
our substantive conclusions do not change when using the 
Carhart (1997) model to calculate the risk measures 

Taking aggregate volatility into consideration Recent 
work 1n finance has argued that aggregate volatility (1e, 
volatility 1n market movements) 1s an additional factor that 
should be included 1n capital asset pricing models (CAPMs) 
(eg, Ang et al 2006) 


(25) (Ri – Red = Ot + В (К, – Re) + В, (УТІХ), 
+ В.(5МВ), + By (HML), + Bo (UMD), + Ey, 
where 


(dVIX), = changes in market volatility on day t, 
Bmt = Systematic risk, and the other symbols have 
their usual meanings 


As we show 1n Table 4, our substantive conclusions do not 
change when using Ang and colleagues’ (2006) model to 
calculate the risk measures 

Using Boulding and Staelin’s (1995) method An alterna- 
tive method for addressing endogeneity arises from the work 
of Boulding and Staelin (1995, рр 6227—30) This method 
involves first-differencing and rho-differencing the vanables 
and using the lagged values of the differences of endogenous 
variables as instruments Because we use the differences 
between lagged values as instruments (rather than levels of 
lagged values), the effective sample size 1n these models 15 
660 We follow this approach and find that our substantive 
conclusions remain unchanged (see Table 4) 


Non-CAPM-based risk measures 5 We derive the risk 
measures used in this study from CAPM-based models 
Though widely used, some assumptions underlying CAPM 
can be considered too restrictive For example, CAPM 
assumes that investors have unrestricted access to capital 
and that there are no transaction costs in buying and selling 
stocks It can be argued that the effects of customer satisfac- 
tion on multiple dimensions of msk we observed 1n this 
study are bound by the assumptions of CAPM Therefore, 
we calculate non-CAPM-based measures of overall 





5We thank an anonymous reviewer for suggesting the use of 
non-CAPM-based measures of risk 
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risk—that 1s, the standard deviation of a firm’s excess 
returns (К+ – Ка) 1n year t We calculate the downside risk 
as the standard deviation of a firm's negative returns 1n year 
t As we show 1n Table 4, our substantive conclusions do not 
change when using the non-CAPM measures of risk 

In addition, we follow the accounting literature and mea- 
sure the perceived risk (or uncertainty) of a firm's stock as 
the standard deviation of analysts’ earnings forecasts (ер, 
Lang and Lundholm 1996) This requires that at least four 
analysts follow a firm in a given fiscal year As a result, the 
sample size for this risk measure 1s 733 (122 firms) Follow- 
1ng prior literature 1n accounting, we also use the number of 
analysts following a firm as a control variable (e g , Jones 
2007) As we show 1n Table 4, our substantive conclusions 
remain unchanged when using the dispersion in analysts’ 
earning forecasts, a non-CAPM metric, as a measure of risk 


Discussion, Implications, and 
Future Research Directions 


A recent survey of chief marketing officers (CMOs) finds 
that marketing accountability and customer orientation are 
among the top three requirements for a successful CMO 
(Rooney 2008) This study explores both of these issues 
Research on customer orientation outcomes measured as 
customer satisfaction has occupied a prominent status in 
marketing Recently, the research has been expanded to link 
marketing-related actions that drive customer satisfaction to 
financial outcomes, such as stock returns (е g , Anderson, 
Fornell, and Mazvancheryl 2004) and cash flows (eg, 
Gruca and Rego 2005), thus addressing the accountability 
requirement of CMOs However, research in marketing has 
seldom examined the impact of customer satisfaction on 
different dimensions of stock returns risk, a key aspect of 
shareholder value We take the first step 1n this direction 
and contribute to the research on the marketing—finance 
interface The current study has several implications for 
recent efforts to communicate the value of marketing strat- 
egy to both financial markets and main street managers 

This study contributes to the recent debate on the value 
relevance of customer satisfaction beyond the accounting 
measures (eg, Fornell, Mithas, and Morgenson 2009, 
Jacobson and Mizik 2009) We present results that show 
that customer satisfaction 1s a relevant metric for financial 
markets because it lowers a firm’s overall and downside 
systematic and idiosyncratic risk Recent research in 
accounting has shown that financial analysts tend to use risk 
metrics, such as systematic and idiosyncratic risk, when 
issuing the risk rating of stocks (Hong and Sarkar 2007, 
Lui, Markov, and Tamayo 2007) As a result, identifying 
factors that influence these metrics 1s important because 
financial analysts can also use customer satisfaction to 
assess the risk of a stock Portfolio managers can also use 
the results of the current study when analyzing firms to be 
included m a portfolio For example, because customer sat- 
isfaction reduces both overall and downside systematic risk, 
firms that increase their customer satisfaction can be used to 
reduce a portfolio's exposure to market movements Sımı- 
larly, 1nvestors that seek average but consistent returns (e g , 
pension funds, government funds) can invest 1n firms that 
increase their customer satisfaction scores 
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The focus on multiple dimensions of risk in this study 
suggests that the empirical literature in marketing needs to 
go beyond systematic risk and take into consideration 1dio- 
syncratic risk along with downside systematic and 14 озуп- 
cratic risk Senior managers actively attempt to manage 
idiosyncratic risk because 1t has a direct impact on a firm's 
survival and the value of its stock options (e g , Pace 1999) 
Idiosyncratic risk also matters to investors because high 
idiosyncratic risk lowers subsequent returns (see Ang et al 
2006) Downside systematic risk and idiosyncratic risk are 
also important because they reflect the value of a stock ın 
hedging investments from market downturns In analyzing 
the impact of marketing initiatives on stock performance, 
further research should take into account the multiple 
dimensions of risk 

The Financial Accounting Standards Board (1978) rec- 
ommends that firms provide nonfinancial information to 
investors that can help them assess the amount, timing, and 
uncertainty of future cash receipts This study presents cus- 
tomer satisfaction as a metric that affects the systematic and 
1diosyncratic risk and thus can provide valuable information 
for 1nvestors beyond the accounting measures This sug- 
gests that perhaps firms should report customer satisfaction 
in their annual reports and in communications to financial 
analysts (e g , Wiesel, Skiera, and Villanueva 2008) 

Prior research has documented the myriad uses of cus- 
tomer satisfaction, including its use as a management con- 
trol tool and in determiming CEO bonus contracts The 
financial markets are also interested in CEO compensation 
and performance because they influence the value of their 
investment The findings of this study should provide suc- 
cor to main street managers because their investments in 
measuring and monitoring customer satisfaction are worth- 
while By communicating the firm’s performance on cus- 
tomer satisfaction to financial markets, managers now have 
a chance to influence the investment community about the 
quality of the customer base and the management that deliv- 
ers such a customer base Consequently, this should enable 
the firm to earn higher multiples and improve the compen- 
sation of senior management 


Limitations and Conclusions 


Because we use secondary data compiled from multiple 
sources, some limitations must be kept in mind The study 
uses SIC as an indicator for industry A potential drawback 
is that SIC can include firms that are not direct competitors, 
leading to misaggregation of firms However, this misaggre- 
gation is unlikely to be systematically different across 
industries and thus is unlikely to bias our results (Aggarwal 
and Samwick 1999) 

This study develops hypotheses to examine the impact 
of customer satisfaction on multiple dimensions of msk and 
uses data from multiple secondary data sources to test these 
hypotheses The results across multiple methods and sensi- 
tivity analyses strongly suggest that customer satisfaction 
contributes to the creation of shareholder wealth by lower- 
ing the overall and downside market and idiosyncratic risk 
Given the importance of risk to managers and financial 
markets, this study can serve as a springboard for further 
research 


APPENDIX 
Definitions, Measures, and Literature Sources for Control Variables 


===. ОО____________- 


Variable Definition 

R&D The ratio of R&D expenditures to the 
investments total assets of a firm 

Return on The ratio of operating income to total 
assets assets 


Total assets The logged value of total assets of a firm 


Leverage ratio The ratio of total long-term debt to the 
sum of long-term debt and the market 
value of equity of a firm 


Dividends The ratio of cash dividends to firm 
payout market capitalization 

Liquidity The current ratio of a firm 

Competitive The SIC four-digit concentration index 


Intensity of firm revenues 


(DATA89)(DATA14 x DATA61) 
(DATA40)/(DATA49) 


Herfindahl concentration index 


Quarterly COMPUSTAT Data 


Items Prior Literature Support 


(DATA4/DATA44) McAlister, Srinivasan, and Kim 


(2007) 


(DATA21/DATA44) Hong and Sarkar (2007) 
Log(DATA44) Beaver, Kettler, and Scholes 
(1970) 
(DATA51)/[DATA51 Hong and Sarkar (2007) 


+ (DATA14 x DATA61)] 


McAlister, Srinivasan, and Kim 
(2007) 
Beaver, Kettler, and Scholes 
(1970) 
Hou and Robinson (2006) 
using DATA2 
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The Debate over Doing Good: 
Corporate Social Performance, 
Strategic Marketing Levers, and 

Firm-ldiosyncratic Risk 


Marketers and investors face a heated, provocative debate over whether excelling in social responsibility initiatives 
hurts or benefits firms financially This study develops a theoretical framework that predicts (1) the impact of 
corporate social performance (CSP) on firm-idiosyncratic risk and (2) the role of two strategic marketing levers, 
advertising and research and development (R&D), in explaining the variability of this impact among different firms 
The results show that higher CSP lowers undesirable firm-idiosyncratic risk Notably, although the salutary impact 
of CSP is greater in firms with higher (versus lower) advertising, a simultaneous pursuit for CSP, advertising, and 
R&D is harmful with increased firm-idiosyncratic risk For theory, the authors advance the literature on the 
marketing-finance interface by drawing attention to the risk-reduction potential of CSP and by shedding new light 
on some critical but neglected roles of strategic marketing levers They also extend CSP research by moving away 
from the long-fought battle for a universal CSP impact and toward a finer-grained understanding of when some 
firms derive more risk-reduction benefits from CSP For practice, the results indicate that the “goodwill refund” of 
CSP is not unconditional They also empower marketers to communicate more effectively with investors (1 e , doing 
good to better manage the risk surrounding firm stock prices) 


Keywords corporate social responsibility, stock risk, marketing-finance interface, advertising, research and 


development 


“hot debate” 1n the business world today On the one 

hand, a rapidly growing number of companies are 
“neck deep ш social responsibility initiatives, spending bil- 
lons, tackling everything from AIDS ın Africa to deforesta- 
tion ın Brazil” (Yang 2007, р 109, see also Bonini, Men- 
donca, and Oppenheim 2006) Managers presume that good 
corporate social performance (CSP) earned by engaging 1n 
the right initiatives (e g , cause-related marketing, corporate 
philanthropy, green marketing, minority support programs) 
enhances firm performance ! Indeed, existing research has 


C» social responsibility (CSR) 1s a topic of 


IWhereas CSR refers to the programs or initiatives in which а 
firm engages (е g , cause-related marketing), CSP refers to stake- 
holders’ assessments of those programs and/or initiatives Other 
scholarly research (Barnett 2007, McWilliams and Siegel 2001) 
has similarly distinguished between CSR and CSP, as we discuss 
1n greater detail subsequently 
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suggested that CSP delivers various benefits that marketers 
covet, such as customer satisfaction and loyalty, customer- 
firm identification, and favorable firm image (Brown and 
Dacin 1997, Luo and Bhattacharya 2006), all of which help 
boost firm performance, according to proponents of CSR 

On the other hand, skepticism abounds regarding the 
merits of CSR Along with the rise in CSR initiatives, there 
has been a growing number of contemptuous voices 
According to the economic “Friedman-esque” view, share- 
holders entrust managers with their investment solely to 
maximize long-term returns, not so that managers can use 
the proceeds to underwrite their urge to better the world 
(Friedman 1970) Indeed, because social responsibility pro- 
grams not only can be costly but also can compete for a 
firm’s limited financial resources with other critical market- 
ing instruments, such as advertising and research and devel- 
opment (R&D), critics claim that CSP does not improve the 
firm’s long-term stock wealth 

It ıs no wonder, then, that CSR “seems like an apple-pie 
virtue, but it’s actually quite controversial” (Grow, Hamm, 
and Lee 2005, p 77) At the heart of this provocative 
debate, the burning question on companies’ minds today 1s 
whether CSR, if done right, 1s worthwhile Does 1 hurt ог 
benefit firms financially to excel 1n CSR initiatives? Would 
the financial community react differently to CSP for firms 
with different advertising and R&D intensities? Answers to 
these questions are important and powerful because both 
investors and managers are eager to know whether the mar- 
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ket values CSP and, thus, whether the “goodwill refund” of 
investing 1n CSR initiatives 15 1n the mail 

This study disentangles the debate by relating CSP to 
stock price volatility, a widely accepted measure of firm 
Stock risk (Hamilton 1994) In responding to recent calls for 
marketing to be relevant to the world of finance (see the 
Marketing Science Institute Research Priorities 2006—2008, 
McAlister 2006), most extant studies have examined 
whether marketing variables 1nfluence the size and growth 
of stock returns (Luo 2009, Rust et al 2004, Srinivasan and 
Hanssens 2009) However, less attention has been paid to 
the risk or volatility associated with stock returns This lack 
of attention 1n the literature 1s significant because a firm's 
long-term shareholder value 1s 1nfluenced not only by the 
expected size and growth of stock returns (1e, the first 
moment) but also by stock price volatility (1e, the second 
moment, Srivastava, Shervam, and Fahey 1998) Specifi- 
cally, stock volatility ıs an important metric because higher 
volatility implies greater investment risk and more vulnera- 
ble future cash flows (Fama and French 1992, Markowitz 
1952) Thus, without addressing volatility, financially savvy 
managers are not sure “whether expected returns offer ade- 
quate compensation for the inherent level of risk" (Ander- 
son 2006, p 587) 

Against this background, we develop and test a theoreti- 
cal framework that hypothesizes (1) the impact of CSP on 
firm-idiosyncratic risk and (2) the role of two strategic mar- 
keting levers, advertising and R&D, in explaining the varı- 
ability of this impact among different firms Contributing to 
the literature, our framework 1s among the first ın marketing 
research to theorize that CSP, advertising, and R&D all 
affect firm-idiosyncratic risk both independently and in tan- 
dem We propose and show that CSP helps reduce firm- 
idiosyncratic risk, even after we control for a host of 
accounting, financial, and marketing variables Additional 
analyses show that CSP also reduces firm systematic risk 
(McAlister, Srinivasan, and Kim 2007), thus shoring up 
more robust evidence for the stock risk implications of CSP 
To the extent that high stock risk 1s undesirable, this 
research not only extends research on the marketing~ 
finance interface by drawing much needed attention to the 
risk-reduction potential of marketing instruments but also 
offers practitioners a strategic lever—namely, engaging 1n 
CSR practices, such as cause-related marketing, to manage 
financial risk surrounding a firm’s stock price 

A key element of our theoretical framework 15 that a 
firm’s strategic marketing levers, such as advertising and 
R&D, can help account for the variability in CSP’s impact 
on idiosyncratic risk. Both scholarly research and the trade 
press suggest that CSP can have differential effects on 1йо- 
syncratic risk, contingent on firm-specific strategic activi- 
ties, such as R&D and advertising In other words, equal 
investments 1n CSR among different firms may not generate 
equal amounts of risk-reduction benefits Consider General 
Motors and Toyota Although both are in the same industry 
with similar competitive settings, 1f they were to contribute 
$100 million each to efforts such as clean energy and fuel- 
efficient vehicles, 1t 1s unlikely that they would experience 
identical risk-reduction benefits A reason for this variabil- 
ity in CSP’s impact 1s that Toyota has developed a relatively 


stronger firm capability ın value creation activities (R&D) 
with its top-selling Prius hybrid than some of the laggards, 
such as General Motors 

Indeed, McAlister, Srinivasan, and Kim (2007) note that 
R&D and advertising are inherently related to firm system- 
atic risk. Similarly, McWilliams and Siegel (2001) contend 
that R&D and advertising provide a firm-specific context 
for the CSP-firm performance linkage As such, our frame- 
work also explains why differences 1n advertising and R&D 
may account for variability ın the risk-reduction potential of 
CSP This distinctive feature of our framework 1s important 
for two reasons First, it sheds light on the debate over 
doing good and advances CSR research by moving away 
from the long-fought battle for a universally positive or 
negative impact of CSP (Margolis and Walsh 2003) toward 
a finer-grained quest for when some firms can derive more 
risk-reduction benefits from CSP than others Second, it 
provides a unique opportunity to contribute to the market- 
ing strategy literature We are the first to reveal the addi- 
tional benefits and costs of strategic marketing levers in 
influencing the msk-reduction potential of CSP—that 15, the 
two- and three-way interactions among advertising, R&D, 
and CSP in affecting risk. Indeed, prior studies examining 
the impact of CSR on firm performance (е 2, Boutin- 
Defresne and Savara 2004, McGuire, Sundgren and 
Schneeweis 1988) have ignored the possible role of adver- 
tising and R&D, a concern that strategy researchers have 
voiced (McWilliams and Siegel 2000) Similarly, prior stud- 
1es on the outcomes of advertising and R&D (see McAlis- 
ter, Srinivasan, and Kim 2007, Mizik and Jacobson 2003) 
have not included CSP We fuse these two seemingly dis- 
parate research streams by studying the integrative effects 
of CSP, advertising, and R&D on stock risk and thus extend 
the marketing strategy literature as well 

In what follows, we review the finance literature on 
stock risk We then develop a set of hypotheses that link 
CSP, advertising, and R&D to firm-idiosyncratic nsk We 
test this framework with secondary data sets Specifically, 
we combine CSP data for a sample of Fortune’s Most 
Admired Companies (MACs) with other marketing and 
financial data from COMPUSTAT and the Center for 
Research in Security Prices (CRSP) We then examine the 
relationship between CSP and systematic risk. following 
McAlister, Srintvasan, and Kim’s (2007) model We con- 
clude with a discussion of the findings’ implications for 
theory and practice 


Background on Firm Risk 


Firm stock risk 15 a fundamental metric ın finance (Hamil- 
ton 1994) Greater risk, as implied by increased firm stock 
price volatility, may suggest vulnerable and uncertain cash 
flows 1п the future, which not only throws corporate capital 
budgeting into disarray but also induces higher costs of 
capital financing, thus damaging firm stock wealth in the 
long run As the flow chart in Figure 1 shows, a firm’s total 
risk or volatility has two parts systematic and idiosyncratic 
While the former 1s the firm's sensitivity to the changes ın 
market returns or to news of broad market changes (ер, 
inflation) that are common to all stocks, the latter (our focus 
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FIGURE 1 
Flow Chart of Firm Stock Risk 
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Notes Solid line designates support from the finance literature for 


the models used to implement the data analyses for the main 
purpose of this study (CSP and firm-idiosyncratic risk) 


bUpside systematic risk = Bt = , and downside sys- 


tematic risk = B- = , where r, is stock return for firm 


1n this study) reflects the risk associated with firm-specific 
strategies, such as CSP, after we account for the marketwide 
variation 

Recently, financial economists Ang and colleagues 
(2006) have empirically shown that firm-idiosyncratic risk 
1s priced by investors in financial markets They note (p 
261) that, all else being equal, "there 1s a strongly signifi- 
cant difference of —1 06% per month between the average 
returns of the quintile portfolio with the highest idiosyn- 
cratic volatility and the quintile portfolio with the lowest 
idiosyncratic volatility stocks” In other words, firm- 
idiosyncratic risk is related to firm value Furthermore, 
firm-idiosyncratic risk accounts for a greater share of total 
stock risk Goyal and Santa-Clara (2003, p 980) report that 
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“idiosyncratic risk constitutes almost 85% of the average 
stock variance measure, while systematic risk constitutes 
only 15%” Echoing this, Gaspar and Massa (2006, р 3131) 
find that “the share of idiosyncratic volatility 1s about 81%, 
while that of systematic volatility 1s only about 19%” 

Indeed, because of asymmetric information, market 
inefficiency, and transaction costs, Brown and Kapadia 
(2007, р 2) note that “corporate risk managers pay atten- 
tion to and carefully manage unsystematic risk” As such, 
firm-idiosyncratic risk matters ın stock markets, and there 15 
robust evidence 1n support of the importance of examining 
firm-idiosyncratic risk for managers and investors alike 
Indeed, a rapidly expanding stream of research in finance 
relates firm-idiosyncratic risk to profitability (Wei and 
Zhang 2006), institutional ownership (Xu and Malkiel 
2003), growth options (Cao, Simin, and Zhao 2008), new 
listings (Brown and Kapadia 2007), and corporate gover- 
nance (Ferreira and Laux 2007) 

Given this financial value of firm-idiosyncratic risk, our 
primary focus is on CSP as a driver of firm-1diosyncratic 
risk In doing so, we follow a finance study by Ferreira and 
Laux (2007) In their comprehensive study, Ferreira and 
Laux suggest that firm-idiosyncratic risk ıs related to the 
following factors (all of which we control for) 


*Profitability, measured as return on asset Because profitabil- 
ity has information content for a firm’s future cash flow 
streams, ıt has a significant impact on firm-idiosyncratic risk 

*Profits volatility, measured as the volatility of return on asset 
Because volatility of profits can signal the uncertainty of firm 
future cash flows, ıt affects firm-1diosyncratic risk 

*Leverage, measured as the ratio of long-term debt to total 
assets Because a firm’s capital structure with debt financing 
may affect из future cash flows through interest payments, 
leverage influences firm-1diosyncratic risk 

*Market-to-book ratio, measured as the ratio of market value 
of equity to book value of equity This ratio captures the 
value of intangible assets, which may also have some 1mpli- 
cations for firm-idiosyncratic risk 

eMarket capitalization, measured as the log of total equity cap- 
itahzation This variable controls for size effects on firm- 
idiosyncratic risk 

Dividend pay, measured as dividend dummy that equals 1 if 
the firms pay dividends and 0 1f otherwise Because dividend 
payment 1s valued by investors and shareholders, 1t influences 
firm-idiosyncratic risk 

*Firm age, measured as the log of the number of months since 
the stock’s inclusion in CRSP This variable controls for the 
effects of organizational cycle and evolution on firm- 
idiosyncratic risk 


*Firm diversification, measured as a dummy variable that 
equals 1 if a firm operates ın multisegments and 0 if other- 
wise Diversification controls for the effects of a firm's strate- 
gic choices and diversifying operations on firm-idiosyncratic 
nsk 


We control for these predictors of firm-idiosyncratic msk 
when relating CSP, advertising, and R&D to firm- 
idiosyncratic risk 


Hypothesis Development 


In this section, we develop a theoretical framework In 
essence, our framework predicts (1) the impact of CSP on 


firm-idiosyncratic risk and (2) the role of two strategic mar- 
keting levers, advertising and R&D, in explaining the vari- 
ability of this ympact among different firms 


CSP 


By and large, CSR initiatives refer to corporate prosocial 
behaviors They are manifested 1п a wide variety of organi- 
zational programs, ranging from cause-related marketing, 
corporate philanthropy, and green marketing practices to 
any activities that are intended to protect and improve 
societal welfare We define CSP as a company’s overall per- 
formance 1n these diverse corporate prosocial programs 1n 
relation to those of из leading competitors in the industry 
(Brown and Dacin 1997, Luo and Bhattacharya 2006, 
Varadarajan and Menon 1988) 

Corporate social responsibility 1nitiatives are related to 
but different from CSP in several aspects Furst, the former 
refers to firms’ programs and investments 1n responsibility/ 
sustainability, while the latter represents stakeholders’ 
assessment of the overall quality of those programs and 
investments (McWilliams and Siegel 2000) Second, the 
former captures the noncumulative, one-time involvement 
їп corporate prosocial behaviors, while the latter сап be a 
“proxy for a firm’s cumulative, historical involvement” in 
these behaviors (Barnett 2007, p 797) Third, the former 1s 
a non-competition-based construct, while the latter 1s rela- 
tive to the competition 1n the industry While firms invest 1n 
CSR initiatives, CSP, as the measure of firms’ aggregated 
historical social performance relative to competition, 1s 
what stakeholders reward the firms for and, therefore, what 
15 potentially linked to firm financial performance 

Various theoretical bases, such as the resource-based 
view of the firm (Barney 1986), stakeholder theory (Clark- 
son 1995), risk management theory (Godfrey 2005), and 
institutional theory (Handelman and Amold 1999), have 
been used to link CSP, advertising, and R&D to firm perfor- 
mance Although each of these perspectives provides some 
useful insights for our hypothesis development, given that 
our dependent variable 15 an indicator of risk, we primarily 
draw on risk management theory 

Before delving into our hypotheses, we need to address 
the issue of which stakeholder group (eg, consumers, 
employees, investors) reacts to firm initiatives in CSP to 
influence firm-1diosyncratic risk Some studies ın this area 
have focused primarily on investor reactions (е g , Bansal 
and Clelland 2004), whereas others have highlighted the 
role of customers (e g , McWilliams and Siegel 2001) Fol- 
lowing Clarkson (1995), we believe that all primary stake- 
holders of the firm—customers, employees, investors, sup- 
pliers, and regulators—are potentially affected by a firm’s 
CSR initiatives (and advertising and R&D) As a simple 
example, firms invest in these initiatives to generate market- 
based intangible assets, such as reputational capital (Fom- 
brun, Gardberg, and Barnett 2000) and brand and customer 
loyalty (Luo and Bhattacharya 2006), which in turn reduce 
uncertainty about firms’ future earnings and therefore 
influence investor behavior How do investments in CSR 
1nitiatives lead to market-based intangible assets? Notably, 
recent research in stakeholder marketing (Bhattacharya and 
Korschun 2008) suggests interdependencies not only between 


the firm and various stakeholder groups but also among 
stakeholder groups themselves, such that a firm's CSR ни- 
tiatives may make its employees more customer focused 
(Korschun 2008), which in turn fosters customer loyalty 
and stability of cash flows We also know from sociological 
role theory that being a customer 15 only one part of a рег- 
son’s identity, the same person could also be a parent, an 
employee, an investor, and so forth Thus, a “customer” 
who would ordinarily buy the lowest-priced brand may not 
do so 1f he or she ıs a parent and learns that the product was 
manufactured by underage children 1n sweatshop conditions 
(Daub and Ergenzinger 2005) Finally, to the extent that the 
actions of primary stakeholders are affected by media 
reports and actions of special interest groups, these sec- 
ondary stakeholders (Clarkson 1995) are also relevant for 
our study of firm-idiosyncratic risk 


CSP and Firm-ldiosyncratic Risk 


To understand the possible relationship between CSP and 
firm-idiosyncratic risk, we turn to risk management theory 
and the responsibility literature 1n marketing 2 In a nutshell, 
the risk management perspective (Godfrey 2005) proposes 
that (1) CSR programs may generate positive moral capital 
among communities and stakeholders, (2) moral capital can 
provide “insurance-like” protection for the firm, and (3) this 
insurance-like protection contributes to the firm's share- 
holder wealth 

More specifically, the risk management perspective sug- 
gests that CSR initiatives generate “moral сарка — ће 
outcome of the process of assessment, evaluation, and 
imputation by stakeholders of the firm's CSR activities 
(Godfrey 2005, p 777) Viewed this way, a track record of 
superior CSP relative to competitors gauges the degree of 
the firm’s cumulative moral capital This moral capital cre- 
ates “relational wealth” in different forms among different 
stakeholder groups—namely, brand faith and credibility 
among customers, affective commitment among employees, 
legitimacy among communities and regulators, trust among 
suppliers and partners, and higher attractiveness and 
dependability for investors (Varadarajan and Menon 1988) 3 
Importantly, this moral capital has value because it disposes 


2A premise in the relationship between CSP and firm- 
idiosyncratic risk 1s that the market reacts to CSP information 
Margolis and Walsh (2003) support this premise 

3As evidenced ın the recent market downturn, do-good invest- 
ments hold up better and suffer less economic loss than the general 
financial market's returns according to Morningstar and 
Bloomberg financial services (Kalwarski 2008, p 15) Partly 
because of these risk-reduction benefits of CSP, socially responsi- 
ble investment funds, such as those that avoid tobacco, defense, or 
other stocks for ethical reasons, are becoming more popular 
among individual and institutional investors Some prominent 
examples of these funds include Cleantech Index of 75 stocks, 
Domini Social Equity Fund, Domini PacAsia Social Equity, 
Domini EuroPacific Social Equity, PowerShare’s WilderHill Clean 
Energy Portfolio, Barclay’s iShares, KLD Select Social Index, and 
Domim European PacAsia Social Equity Fund Rising investor 
demand for information on CSP as an assessment of firm long- 
term value has also sparked great interest at Goldman Sachs, UBS, 
and other brokerages and financial institutions 
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stakeholders to hold beliefs about the firm that, 1n turn, 
influence stakeholders’ behaviors toward the firm Prior 
research 1n marketing echoes the notion that CSP promotes 
customer-company identification that leads to favorable 
customer attitudes and behaviors toward the company 
(Brown and Dacin 1997) Furthermore, Sen, Bhattacharya, 
and Korschun (2006) and Bhattacharya, Sen, and Korschun 
(2008) show that better CSP positively affects the attitudes 
of employees and investors toward the firm Overall, the 
better a firm’s CSP 1s relative to competition, the more 
favorable 1s the corporate evaluation in the eyes of various 
stakeholder groups, and thus the higher 1s the moral capital 
for the firm 

In turn, moral capital provides firms msurance-like pro- 
tection of shareholder wealth by creating a reservoir of 
goodwill and mitigating negative stakeholder assessments 
Godfrey (2005) argues that superior CSP relative to compe- 
tition enables the firm to gain insurance-like protection in 
two main ways (1) The degradation of relationship-based 
intangible assets 1s tempered by positive moral capital (e g , 
loyalty suffers to a lesser extent, less trust 1s violated), and 
(2) stakeholders 1mpose less severe sanctions on the firm 
(when bad acts occur) than 1n the absence of positive moral 
capital ^ As Bansal and Clelland (2004, р 95) note, “in the 
event of a crisis, CSR can help to protect and decouple the 
illegitimate activity from the rest of the organization" In 
protecting the company and its public image, CSP relieves 
regulatory pressure and enables the firm to insulate itself 
from scrutiny Echoing this, Peloza (2006, p 53) notes that 
“social responsibility actions act as an insurance policy that 
can provide safety nets and mitigate harm from negative 
events " Luo and Bhattacharya (2006) argue that better CSP 
ratings improve customer satisfaction, which then leads to 
decreased volatility in firms’ future cash flows because 
healthy customer relationships not only provide firms with 
better opportunities (1 e , more promise of loyalty from cus- 
tomers and collaboration from strategic partners) but also 
help “insulate firms from competitors’ efforts and from 
external environmental shocks” (Gruca and Rego 2005, p 
116) As such, better CSP helps the firm build a bulwark 
against future loss of economic value, likely reducing the 
risk and vulnerability of future cash flows 

Overall, this discussion suggests that all else being 
equal, superior CSP over competitors helps the firm through 
tougher times with more stable future cash flows and less 
volatile firm stock prices, thus lowering firm-1diosyncratic 
risk 5 


H, All else being equal, the higher a firm’s CSP relative to 
competition, the lower 1s ће firm-1diosyncratic risk 





^Specifically, Godfrey (2005) notes that moral capital fulfills 
the core function of an insurance contract by building a reservoir 
of positive attributions, which can effectively mitigate assessments 
of “immoral” thinking and create a compelling case for leniency 1n 
punishment that protects against the future loss of economic value 
when stakeholders are adversely affected 1n the event of a crisis 

5Echoing our theoretical logic, the trade press notes that "risk 
management 1s the clearest benefit of doing good” (Kher 2005) 
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CSP, Strategic Marketing Levers, and Firm- 
Idiosyncratic Risk 


Рпог studies have also suggested that CSP does not univer- 
sally produce the same performance impact for all firms 
For example, 1t has been shown that the effects of CSP on 
consumer relationships and stock returns are heterogeneous, 
contingent on moderators such as corporate ability (Brown 
and Dacin 1997, Luo and Bhattacharya 2006), corporate 
brand dominance (Berens, Van Riel, and Van Bruggen 
2005), and companies’ marketing strategies (Bhattacharya 
and Sen 2004, p 12) Extending this stream of research, we 
expect that CSP has differential effects on risk, depending 
on two key strategic marketing levers advertising and 
R&D 

We focus on the moderating role of advertising and 
R&D 1n the impact of CSP on risk for several reasons First, 
both advertising and R&D play a central role 1n corporate 
marketing strategy and generate valuable market-based 
assets Whereas R&D often stands for value-creating strate- 
gic actions, which produce persistent profits and increase 
firm profitability and stock returns (Mizik and Jacobson 
2003), advertising represents value appropriation strategic 
actions, which can foster brand and customer equity, lead- 
ing to future sales, profits, and shareholder wealth (Joshi 
and Hanssens 2009) Srivastava, Shervani, and Fahey 
(1998) propose that in addition to their short-term effects on 
firm performance, advertising and R&D create intangible 
market-based assets that can boost long-term cash flows 
while reducing the associated cash flow volatility Second, 
both advertising and R&D have direct relevance for stock 
risk McAlister, Srintvasan, and Kim (2007, p 38) argue 
that advertising can lower firm systematic risk by fostering 
consumer and distributor loyalty and by providing bargain- 
ing power over distributors and that R&D 1s related to firm 
systematic risk because firms with higher R&D enjoy 
“greater dynamic efficiency and greater flexibility in adapt- 
ing to environmental changes” It would be instructive to 
understand whether advertising and R&D also help explain 
the variability 1n CSP’s impact on idiosyncratic risk (issues 
not addressed in McAlister, Srinivasan, and Kim [2007] ог 
in other studies) Third, prior literature in management has 
explicitly suggested that the CSP—firm performance link 15 
moderated by firm-specific boundaries, such as advertising 
and R&D (McWilliams and Siegel 2001) Motivated by 
these studies, we posit that higher or lower investments in 
firms’ advertising and R&D may account for weaker or 
stronger risk-reduction implications of CSP 


CSP and advertising With regard to the way CSP 
works, the marketing literature suggests that vestments 1n 
advertising should create an intangible market-based asset 
for the firm Muzik and Jacobson (2003) assert that advertis- 
ing enables a firm to appropriate the value by erecting 
competitive barriers and extending the duration of competi- 
tive advantage Not surprisingly, several recent studies have 
suggested that a firm’s advertising directly affects stock 
returns, even after they control for the impact of advertising 
on sales (Grullon, Kanatas, and Weston 2004, Luo 2008, 
Luo and Donthu 2006) For example, by creating greater 
visibility and familiarity, advertising increases both individ- 


ual and institutional stock ownership of the firm, thus insu- 
lating 1t from market downturns (McAlister, Srinivasan, and 
Kim 2007) In other words, advertising goes “beyond the 
customer" to create spillover effects among other stake- 
holder groups, leading to supplier concessions, improved 
employee morale, and reduced risk for investors 

We expect that CSP may induce more (less) decreases 
in firm-idiosyncratic risk. for firms with higher (lower) 
advertising spending for several reasons First, compared 
with firms with lower advertising, firms with higher adver- 
tising generate more positive consumer-related responses 
(1e, greater market awareness of the company and more 
aroused interest 1n 1ts existing products), which make it eas- 
ter for CSP to generate moral capital and insurance protec- 
tion (Joshi and Hanssens 2009, Pauwels et al 2004) Sec- 
ond, firms with higher (versus lower) advertising enjoy 
more information channels to communicate with investors 
and financial institutions Thus, advertising can play an 
1nformation role in capital markets and induce "higher stock 
liquidity and greater breadth of stock ownership" (McAlis- 
ter, Srinivasan, and Kim 2007, р 38), which makes ıt possi- 
ble for superior CSP to generate more favorable responses 
from various stakeholders and, in turn, to create more posi- 
tive moral capital and insurance protection benefits Indeed, 
drawing on the basic concept of priming and the spreading- 
activation theory from psychology (Collins and Loftus 
1975), we believe that a firm’s advertising can make its CSP 
information more salient to stakeholders Advertising 1s one 
of the key “communicators of identity” (Bhattacharya and 
Sen 2003, p 78) that not only helps inform the firm’s stake- 
holders about its operations and core values but also, 
through repetition, helps keep such identity information 
salient in stakeholders’ minds A firm's CSR initiatives are 
an important component of its identity (Du, Sen, and Bhat- 
tacharya 2008) When stakeholders can more easily retrieve 
such identity-related information from memory, 1t 1s more 
likely that they will hold the firm 1n higher esteem and help 
create more moral capital for the firm In other words, 
advertising helps solidify the positive moral capital of supe- 
пог CSP, which in turn provides more msurance-like pro- 
tection, thus further reducing; firm-idiosyncratic risk 

Consider the example of General Electric (GE) A key 
differentiator of the successful CSR programs at GE that 
has protected the firm from market downturns relative to 115 
rivals 1s its design of stunning and creative advertisements 
about из Ecomagination imitiative By effectively showcas- 
ing the steps GE takes to safeguard the environment, these 
advertisements generate more public trust regarding the 
company’s strong commitment ın developing cleaner tech- 
nologies for 1з customers (Pierce 2007) Thus, for firms 
with higher (versus lower) advertising, superior CSP rela- 
tive to competitors 1s more likely to generate moral capital- 
based insurance protection and, therefore, lower firm- 
idiosyncratic risk 


Н, CSP induces greater decreases in firm-idiosyncratic risk 
for firms with higher advertising spending than for firms 
with lower advertising spending 


CSP and R&D There 1s a vast body of literature linking 
investments 1n R&D to improvement 1л long-term firm per- 


formance (McWilliams and Siegel 2000) The fundamental 
premise in this research stream is that R&D 1s a form of 
“technical” investment that results in knowledge enhance- 
ment and, subsequently, product and process innovation 
The innovations resulting from R&D have received signifi- 
cant attention as value creation instruments for firms Sev- 
eral studies have shown many benefits of R&D investments, 
including superior market value and higher stock returns 
(eg, Chan, Lakonishok, and Sougiannis 2001, Mizik and 
Jacobson 2003) Furthermore, McAlister, Srinivasan, and 
Kim (2007) consistently find that firms with higher R&D 
enjoy lower systematic risk 6 

As with advertising, given the general financial benefits 
of R&D, we posit that CSP may induce more (less) 
decreases in firm-idiosyncratic risk for firms with higher 
(lower) R&D spending Specifically, firms with higher (ver- 
sus lower) R&D may enjoy stronger corporate abilities to 
innovate and develop new products that satisfy emerging 
consumer needs (Mizik and Jacobson 2003) In addition, 
Brown and Dacin (1997) suggest that higher levels of both 
CSP and corporate innovative ability are important in 
affecting stakeholders’ perceptions of and identification 
with the company For firms with lower R&D and inferior 
1nnovative ability, it 1s likely that CSP may even fail to pro- 
duce moral capital This 1s because there 1s a lack of prag- 
matic legitimation (1e, doubts about a firm's ability to 
produce a good product and attributions of misguided prior- 
ities) if firms with inferior mnovative ability engage in 
prosocial responsibility programs (Luo and Bhattacharya 
2006, see also Suchman 1995) In such instances, social 
responsibility initiatives can backfire and generate detri- 
mental attributions (1 e , negative word of mouth, Luo 2009, 
Varadarajan and Menon 1988) In contrast, all else being 
equal, firms with higher R&D investments can more effec- 
tively facilitate process and product innovations, both of 
which make ıt easier for CSP to generate msurance-like 
protection, given that emerging stakeholder needs have 
been successfully satisfied Thus, CSP more likely reduces 
firm-idiosyncratic risk ın firms with higher (versus lower) 
R&D investments 

Toyota 1s a case ш point. Part of the reason Тоуога'5 
CSR efforts are more successful than its rivals, such as Ford 
or General Motors, 1s because of Toyota's stronger R&D- 
based innovative capabilities, as demonstrated by the top- 
selling hybrid model (1 e , the Prius 1s equipped with unique 
clean technologies and emits only 10% of the harmful pol- 
lutants conventional vehicles produce, Porter and Kramer 
2006, p 89) Therefore, for firms with higher (versus lower) 
R&D, it 1s more likely that superior CSP relative to com- 
petitors leads to more moral capital-based 1nsurance protec- 
tion and, in turn, to lower firm-idiosyncratic risk 


H4 CSP induces greater decreases in firm-idiosyncratic risk 
for firms with higher R&D spending than for firms with 
lower R&D spending 





6Although the main effects of R&D on risk can be positive or 
negative, our focus here 1s on the moderating effects of the inter- 
action between CSP and R&D 
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CSP, advertising, and R&D Although advertising and 
R&D independently facilitate the effects of CSP on firm- 
idiosyncratic risk, we posit that a push for building CSP, 
advertising, and R&D market-based assets simultaneously 
may not work financially There are several reasons for this 
Specifically, there 1s a “dark side” of CSR In particular, the 
core of the negative CSR arguments 1s best described by the 
following quotation from the trade press 


But [CSR] can come at the expense of other prionties, 
such as [R&D], and 1s rarely valued by Wall Street It also 
1s misguided Many corporate executives believe, as 
economist Milton Freidman does, that the role of business 
1s to generate profits for shareholders—not to spend oth- 
ers’ money for some perceived social benefit (Grow, 
Hamm, and Lee 2005, p 77) 


Echoing this sentiment, academic research also points 
out some tensions between CSR programs' social and eco- 
nomic dimensions For example, Sen and Bhattacharya 
(2001) report that ın many instances, stakeholders (eg, 
consumers, employees, investors) may perceive a certain 
“trade-off” between investments ın CSR programs and in 
core competencies of the firm, such as innovative new prod- 
ucts and higher brand awareness, which are typically 
deemed to be more important and should receive higher 
strategic priority than CSR initiatives (Handelman and 
Arnold 1999, Luo and Bhattacharya 2006) 7 The creation of 
moral capital and its subsequent benefits may be jeopar- 
dized ш the face of such trade-off perceptions 

We believe that this tension between social and eco- 
nomic dimensions 15 likely to be exacerbated if the firm 
pursues all strategic goals by heavily investing in CSP, 
advertising, and R&D at the same time Specifically, 
because a firm often has limited resources, it 1s difficult, 1f 
not infeasible, to pursue all strategic goals at the same time 
(Mizik and Jacobson 2003) Indeed, the resource-based 
view of the firm (Barney 1986) suggests that firms must 
devote resources to support the demands for CSP, advertis- 
ing, and R&D Yet organizational resources are not unlim- 
ited Given this real-world limitation, if a firm tries to maxi- 
mize investment in all domains, it 1s possible that there will 
be “resource misallocation” (Luo and Bhattacharya 2006) 
and subsequent market confusion and uncertainty, thus 
compromising the creation of moral capital and the 
insurance-like benefits of CSP In short, simultaneously 
pursuing higher CSP, advertising, and R&D may not be 
beneficial but rather may lead to more undesirable firm- 
idiosyncratic risk 


H4 The simultaneous pursuit of CSP, advertising, and R&D 
leads to increased firm-idiosyncratic risk 





7We do not argue that advertising and R&D compete for the 
same resources Rather, we suggest that CSP competes for the 
resources that instead could be invested in advertising and/or 
R&D It 1s difficult to rule out the possibility a prion that more 
investment in CSP would not come at the expense of less invest- 
ment in advertising and R&D In addition, we are not arguing that, 
when present together, these two variables (advertising and R&D) 
increase risk Instead, we expect that simultaneously pursuing 
higher CSP, advertising, and R&D (1e, when all three variables 
present together) may increase idiosyncratic risk 
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Data and Measures 


To test the hypotheses, we used a comprehensive secondary 
data set We assembled this data set from multiple sources, 
including COMPUSTAT, Fortune’s MAC, and the CRSP 


CSP Measure and Data 


We measured CSP for 2002 and 2003 with Fortune’s MAC 
source The resultant CSP 15 defined as a company’s overall 
performance in CSR programs relative to 15 leading com- 
petitors 1n the industry Research across finance (Margolis 
and Walsh 2003), strategy (McGuire, Sundgren, and 
Schneeweis 1988), and marketing (Houston and Johnson 
2000, Luo and Bhattacharya 2006) provides detailed 
descriptions on the methodology In general, this archival 
MAC source 1s deemed to be reliable and valid Houston 
and Johnson (2000, p 12) consider this source the best sec- 
ondary data source available 

Furthermore, the MAC source 1s comprehensive 1n mea- 
suring CSP because it polls more than 10,000 (rather than a 
small sample of) executives, directors, and financial securi- 
ties analysts to rate companies! CSP The sampling frame 15 
Fortune’s list of 1000 large firms (ranked by sales revenue) 
across more than 70 industries The results of the large- 
scale MAC surveys cover 541 large companies and their 
CSP in 2002 and 2003, after teasing out the nonresponses 
and nondeliverable contacts For each firm-year observa- 
tion, CSP 1s rated using an interval scale ranging from 0 to 
10 Because there 1s a reverse causality concern between 
CSP and financial performance, we parcel out this potential 
bias using the residual approach that Roberts and Dowling 
(2002) recommend We then relate this clean measure of 
CSP to firm-idiosyncratic risk, derived from the Fama- 
French four-factor (hereinafter, FF4) approach Figure 2 
presents a histogram of CSP 1n our data set 


Firm-ldiosyncratic Risk Measure and Data 


We estimate idiosyncratic risk for each firm for each year 
using daily return data Firm-idiosyncratic nisk 1s typically 


FIGURE 2 
Histogram of CSP 
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measured (see, е 2 , Durnev , Morck, and Yeung 2004) with 
the widely accepted FF4 approach (Carhart 1997) The FF4 
model generates better estimates of stock returns than the 
traditional single-factor capital asset pricing model 
approach (Fama and French 1992, 2006) In particularly, 
the FF4 approach suggests that the return on a typical stock 
for firm 1 on day d (г, д) 1s a function of the common FF4 
and the idiosyncratic residual (u, a) The FF4 includes mar- 
ket return (МКТ), the difference of returns between small 
and big stocks (гу МВ), the difference of returns between 
high and low book-to-market stocks iM), and return 
momentum (rj MD) 8 The residual (и, д) of the model 1s a 
measure of firm-idiosyncratic excess return (Ang et al 
2006, Cao, Simin, and Zhao 2008) 


@ — ng = o, + ВМКТгМКТ + BSMB;SMB + gEML;HML 


+ BUMD:DMD + ш» 


where, 0t, 15 the intercept term and u, 4 = pu,q.., + ба We 
let 6,4 be a normal random variable with a mean of 0 and 
variance of сё Thus, Equation 1 accounts for serial correla- 
tion 1n the residual term 

Based on Equation 1, our measure of firm-idiosyncratic 
risk 1s the variance of the residuals [1/0 x (Ej. u24)], 
where n denotes the number of days (1e, 252) over which 
the model 1s estimated 1n year t for a given firm Thus, this 
residual variance term, scaled relative to total firm risk (1e, 
the variance of the га values over the year), ıs 1 — R2, 
where R2 1$ the coefficient of determination for Equation 1 
ша given year for a given firm 9 In other words, in line with 
the finance literature (e g , Ferreira and Laux 2007, р 955), 
our measure of interest 1s idiosyncratic risk relative to total 
firm risk Scaling idiosyncratic risk by total risk accounts 
for possible industry differences in firms' proneness to 
economywide shocks and thus 1s a measure of firm- 
idiosyncratic risk that 1s comparable across industries 


8r, 4 and гМКТ are excessive to the risk-free Treasury-bill rate 

Тһе R-square (R2) of Equation 1 1s a measure of market syn- 
chronicity because ıt gauges the extent to which the variation in 
the stock return of the company is explained by the variation in the 
FF4 


Finally, because of the bounded nature of R2, in line 
with accepted norms in finance, we conduct logistic trans- 
formation to obtain the final measure of firm-1id:osyncratic 


nsk 
_рг 
(2) у 26-3! 


where RŽ 15 the coefficient of determination of Equation 1 
for firm 11n year t 

The CRSP source supplied the datly stock price data 
(252 trading days each year) for deriving firm-idiosyncratic 
risk After we obtain the daily stock return for each firm 
from the CRSP and match it with daily data for the FF4 
from French’s Web site (see http //mba tuck dartmouth edu/ 
pages/faculty/ken french/data_library html), we calculate 
firm-idiosyncratic risk for each year using Equations 1 and 
2 Note that though we have estimates of firm-idiosyncratic 
risk for three years, because we have the CSP measure for 
two years and given the desired lag structure between CSP 
and firm-idiosyncratic risk, we end up using 1082 observa- 
tions (for 541 firms across two years) for hypothesis testing 
To derive firm-idiosyncratic risk, we use 408,996 (541 
firms x 3 years x 252 trading days) data points on stock 
prices and the marketwide factors depicted in Equation 1 
Table 1 provides summary statistics of the key variables in 
our analysis 10 

It 1s important to account for momentum and reverse 
causality concerns in Equation 1 For example, firms that 
are performing well with lower firm-idiosyncratic risk аге 
more hkely to engage 1n CSR, which could reverse the 
direction of causality Thus, we followed Carhart's (1997) 
suggestion and incorporated a “momentum” risk factor ın 





10The mean of this logistic transformed idiosyncratic risk mea- 
sure (from Table 1) 1s 2 735 If we transform this back to compute 
R-square, we get 1 — R-square of Equation 1 = 93 906% This 1s 
consistent with Ferreira and Laux (2007), who find that the aver- 
age share of firm-idiosyncratic risk 1s 93 883% We also checked 
the robustness of our firm-1diosyncratic risk results by using 
weekly stock price data We find that the firm-idiosyncratic risk 
results based on daily price data and weekly data are similar (1e, 
smallest r= 922, p « 01) 


TABLE 1 


Summary Statistics for Key Measures 
ER REL EE EISE RU ee ee = 


Measures Data Source 
Firm-idiosyncratic risk CRSP 

CSP Fortunes MAC 
Profitability COMPUSTAT 
Profits volatility COMPUSTAT 
Leverage COMPUSTAT 
Market-to-book ratio COMPUSTAT 
Market capitalization COMPUSTAT 
Dividend pay COMPUSTAT 
Firm age COMPUSTAT 
Firm diversification COMPUSTAT 
R&D intensity (RD) COMPUSTAT 
Advertising spending (AD) COMPUSTAT 


M SD 
2 735 2 053 
5 859 1018 

035 104 

212 237 

360 151 
1 825 1 606 

16 07 2 528 

625 419 
3 627 811 

568 425 

057 050 

032 045 
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the FF4 model in Equation 1 As an additional control for 
reverse causality, we introduce a time lag between CSP (in 
year t — 1) and firm-idiosyncratic risk (ın year t) in our 
model to ensure that the impact 1s running from CSP to 
firm-idiosyncratic risk (Boulding and Staelin 1995) 


Hypothesis Testing: Measures, 
Analyses, and Results 


In this section, we present the other measures included in 
the hypothesis-testing model, our analysis approach, and 
the hypotheses-testing results We also report the results 
pertaining to model robustness tests and additional models 


Other Measures Used in the Hypothesis-Testing 
Model 


In the hypothesis-testing model, we included all the finance 
variables that Ferreira and Laux (2007, p 958) control for 
and that we described 1n the previous section We have eight 
control variables profitability, profits volatility, leverage, 
market-to-book ratio, market capitalization, dividend pay, 
firm age, and firm diversification 

In addition, we have data for advertising stock and R&D 
intensity We measured firm advertising as advertising 
expenses (Data #45) divided by book assets We measured 
firm R&D intensity as R&D expenses (Data # 46) divided 
by book assets Because of missing data, we include a 
dummy variable for advertising (ADMISS, missing data — 
0, and not missing = 1) and a dummy variable for R&D 
intensity (RDMISS, missing data = 0, and not missing = 1) 
We also control for the possible influence of the tme trend 
and conditional heteroskedasticity by constructing a 
dummy variable for time (0 = 2002, and 1 = 2003) 


Analysis Approach 

For the analyses, the dependent variable is firm- 
idiosyncratic risk (у, ; + 1), as defined ın Equation 2 The 
independent variables are lagged CSP, advertising, R&D, 
and the control variables 


(3) Vier = NX + Ли + 1 = По + ПСР, + ТАР, + NRD 
+ N4CSP,, x AD, + n5CSP, x RD, + Ёр, X AD; 
+ T5 CSP, x Ер, x AD, + тву, + ngControl(1), 
+ + migControl(11), + Tac, 1, 


where 1 = 1,2, , 541 firms and t = 1, 2 years!!, X, = the 
independent variables modeled, m, = the statistical noise 
with a mean of 0 and variance of 02, CSP = corporate social 
performance, RD = firm R&D intensity, AD = firm adver- 
tising stock, and Control(1)-Control(11) = the eight control 
variables from finance (profitability, profits volatility, lever- 





11 By including the lagged dependent variable as an independent 
variable, our model ıs more conservative ın testing the impact of 
CSP than the corresponding Ferreira and Laux (2007) model 
Additional analyses show that the impact of CSP on idiosyncratic 
rsk does not change with the lagged dependent variable ın the 
model or without ıt Our model results also hold when we use varı- 
ance of residuals 1n Equation 1 without logistic transformation, 
adding more evidence for our conclusion 
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age, market-to-book ratio, market capitalization, dividend 
pay, firm age, and firm diversification) described previ- 
ously, along with our own three additions (dummy variables 
ADMISS, RDMISS, and Time) 

To test the hypotheses 1n a more parsimonious way, we 
apply robust regression to alleviate concerns such as het- 
eroskedasticity and autocorrelation In particular, we spec- 
ify our robust regression model with the Newey—West 
covariance matrix as follows 


A 


T (4 — rà - 
(4) У п» = 009 1O(X^X)-1, 


where 


q T 
v , , 
5-5) > amayta тад | 


vel С=у+1 


а (the truncation Јар) is the number of autocorrelations used 
ш examining the dynamics of residual u,, and а 1s floor 
[4(T/100)2] For the optimization algorithm, we use the 
quadratic Hill climbing 1n the robust model Note also that 
we mean-centered all the independent variables before con- 
ducting the regression analysis 


Hypothesis-Testing Results 


The correlation results in Table 2 indicate some preliminary 
support for the relationship between CSP and firm- 
idiosyncratic risk The correlation between CSP and firm- 
idiosyncratic risk 1s negative and significant (т = — 133, p < 
01), as we expected 

To test the hypotheses formally, we rely on the robust 
regression results, which we discuss next In testing our 
hypotheses, we adopt a stepwise approach Model 1 1s the 
simplest model, in this model, we only add CSP to the 
control variables to observe its relationship to firm- 
idiosyncratic risk In Model 2, we also add the hypothesized 
moderators—advertising, R&D, and the respective inter- 
action terms Models 3 and 4 are random coefficient coun- 
terparts to Models 1 and 2 

In Hy, we expect a negative influence of CSP on firm- 
idiosyncratic risk For Model 1 1n Table 3, the robust regres- 
sion results lend support for this prediction because lagged 
CSP indeed decreases firm-idiosyncratic risk (b = – 205, 
p « 01) Thus, the data support Ну, CSP helps reduce firm- 
idiosyncratic risk. In other words, CSP can indeed provide 
1nsurance-like protection and help stabilize the firm's future 
cash flows, as we expected 

Н» predicts that CSP induces greater (lesser) decreases 
in firm-idiosyncratic risk for firms with higher (lower) 
advertising spending For Model 2 1n Table 3, the results 
suggest that CSP has a stronger negative influence (CSP x 
AD Ъ= – 046, p < 05) on firm-idiosyncratic risk in firms 
with higher advertising spending !? Thus, Н, 1s supported 





12The incremental variance explained by adding the mean- 
centered interaction terms was statistically significant (AR? = 059, 


TABLE 2 


Correlations Among Key Variables Used in Hypothesis Testing 
1 ИЕ А I И 


Hypotheses Firm-Idiosyncratic Risk CSP R&D Intensity Advertising Spending 
Firm-idiosyncratic risk DV 1 000 
CSP H, — 133 1 000 
R&D intensity Ho, H4 — 052 — 091 1 000 
Advertising spending Нз, H4 — 098 107 082 1 000 


Notes DV = dependent variable used in hypothesis testing It is the logistic transformed relative idiosyncratic risk Correlation r-values > 09 are 


significant at a p-value of 05 


Нз predicts that CSP induces greater (lesser) decreases 
in firm-idiosyncratic risk for firms that are more (versus 
less) intensive 1n R&D investment For Model 2 in Table 3, 
the interaction item between CSP and R&D intensity 
(CSP х RD b = — 025) 15 significant at the p < 10 level, 
thus, Нз 15 supported However, R&D intensity plays a rela- 
tively weaker moderating role ın the impact of CSP on firm- 
idiosyncratic risk 1n this data set 

To test H4, which predicts that the simultaneous pursuit 
of CSP, advertising, and R&D 18 positively related to firm- 
idiosyncratic risk, we created a three-way interaction term 
among CSP, R&D, and advertising For Model 2 1п Table 3, 
the three-way interaction 1s positive and significant (CSP x 
AD x RD b= 032, p « 10), in support of Н, This indi- 
cates that the negative impact of CSP on firm-idiosyncratic 
risk 1s compromised in firms with higher R&D intensity 
and higher advertising stock Thus, simultaneously pushing 
for higher CSP, advertising, and R&D can actually be harm- 
ful and may induce greater firm-idiosyncratic risk 


Additional Data Analyses and Validity Checks 


Reverse causality check 'To check the time-based causal 
direction from CSP to firm-idiosyncratic risk, we conducted 
Granger-causahty tests (Hamilton 1994) The Granger- 
causality results suggest that CSP indeed Granger-causes 
decreases ın firm-idiosyncratic risk (FGranger-causality = 
18 056, p < 01), confirming the predicted causal umpact of 
CSP Furthermore, we examined the face validity of our 
estimated firm-1diosyncratic risk results using the Z-score 
measure from COMPUSTAT We find that the correlation 
between Z-score and firm-idiosyncratic risk 1s indeed sig- 
nificant (p < 01) 


Random coefficients model estimation Because unob- 
served heterogeneity across industries may threaten our 
results (beyond the observed heterogeneity at the firm, 
industry, and time levels captured with the control 
variables), we conduct additional analyses with random 
coefficients models This modeling technique allows firm- 
idiosyncratic risk to vary because of unobserved differences 
in both the constants (random intercepts) and the impact of 
CSP on firm-idiosyncratic risk (random slopes) across 





Far = 16 39, p < 01) We also conducted further analyses by scal- 
mg other variables, such as AD and RD, to the industry means 
пе, relative to competition in the industry) Our conclusion 
related to the hypothesis testing does not change Because the 
highest variance inflation factor was 4293 (less than 10 0), it 
seems that multicollinearity ıs not a serious threat to our results 


industries (]), as we show 1n the Appendix We report the 
random coefficients estimation results in Models 3 and 4 in 
Table 3 Again, these additional results support the impact 
of CSP on firm-idiosyncratic risk We find that CSP has a 
negative impact on firm-idiosyncratic risk ın Model 3 (b = 
— 209, p « 01), as we expected In addition, the results 1n 
Model 4 suggest that CSP has a stronger negative 1nfluence 
(CSP X AD bz—067, p < 05) on firm-idiosyncratic risk in 
firms with higher advertising spending. However, R&D 
does not moderate the influence of CSP on firm- 
idiosyncratic risk (p > 10) The three-way interaction term 
18 positive and significant (CSP x AD x RD b= 036, р < 
10), as we expected, but at the p < 10 level Again, this 
finding suggests that the impact of CSP on firm- 
idiosyncratic risk 1s compromised ın firms that simultane- 
ously pursue higher R&D intensity and higher advertising 
stock Overall, these additional analyses support the robust- 
ness of the results 


The dark side of high CSP Рпог literature has noted 
that "too much” CSP may not be optimal 1n reducing firm- 
idiosyncratic risk McWilliams and Siegel (2001) imply that 
there 1s an optimal level of CSP, beyond which it 15 less 
likely to shield the firm against the uncertainty and vulnera- 
bility of future cash flows At extremely high levels of CSP, 
the disadvantages of CSR in the context of a firm’s eco- 
nomic purposes may outweigh its benefits (Handelman and 
Атпоја 1999, Smith 2003), thus likely inducing more unsta- 
ble future profits and less insurance-like protection against 
firm stock risk To test this curvilinear effect proposition, 
we entered CSP-squared in the regression models and 
indeed found that the CSP-squared was statistically signifi- 
cant (p < 01) and positive (1e , leading to greater [harmful] 
stock risk) This result implies that 1t does not pay to depart 
from an optimal point After reaching a certain level, CSP 
may not generate enough social moral benefits to compen- 
sate for the incurred financial costs and missed opportunity 
costs 13 This insight also helps reconcile the debate about 
CSP Doing enough good, rather than too much good, 15 the 
key to stabilizing the volatility of firm stock prices Thus, 
going forward, firms should strike a balance 1n CSR invest- 
ments so that the net benefits from CSR are optimized for 
the firm 





13We also used Dow Jones Sustainability Index daily data (Jan- 
џагу 4, 1999-December 30, 2005) and confirmed that ће CSP- 
squared term was again statistically significant (p < 01) and posi- 
tive at the portfolio level 
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The Impact of CSP on Systematic 
Risk 

Can CSP affect systematic risk of the firm? A recent study 
by McAlister, Srinivasan, and Kim (2007) emphasizes that 
systematic risk 1s an important financial metric of interest to 
both marketers and investors Thus, as a complement to our 
analyses of CSP and idiosyncratic risk, 1t would be worth- 
while to explore whether CSP has a similar impact on sys- 
tematic risk If ıt does, to our knowledge, this research 
would be the first to show that CSP is also rmportant from 
the perspective of portfolio risk management This would 
add further robustness to our conclusion regarding the stock 
risk implications of CSP 

As we show 1n Equation 1, systematic risk (ВМКТ) is the 
part of firm stock risk that 1s explained by the changes in 
average market portfolio returns The firm’s sensitivity to 
the changes 1п the market return (MET) or to news of broad 
market changes (e g , inflation, interest rate) 15 common to 
all stocks In contrast, firm-idiosyncratic risk reflects the 
rsk associated with firm-specific strategies (e g, CSP), 
after accounting for the marketwide variation 14 

To test the CSP-systematic risk relationship, we follow 
McAlister, Srinivasan, and Kim’s (2007, p 39) model In 
particular, ћеш model tests the impact of advertising and 
R&D on systematic risk, controlling for several variables 
(growth, leverage, liquidity, asset size, earnings variability, 
dividend, age, and competitive intensity) Using two years 
of data from 541 firms, we replicated their model with all 
their variables and added CSP As Table 4 summarizes, CSP 
has a significant, negative impact on systematic risk (b = 
—1 372, p < 01) ın McAlister, Srinivasan, and Kim’s model 
Thus, CSP also helps reduce systematic risk of the firm, 
providing more evidence for the effects of CSP on firm 
stock risk In addition, consistent with McAlister, Srini- 
vasan, and Kim, we find that lagged advertising spending 
indeed significantly reduces systematic risk of the firm (b = 
-2 719, р < 05) In contrast to their findings but in line with 
those of Sorescu and Spanjol (2008), we find that lagged 
R&D 15 not related to systematic risk of the firm (p > 10) 

Overall, our results help extend McAlister, Srinivasan, 
and Kum's (2007) work 1n three ways Furst, by examining 
CSP 1n our context, we respond to their call for "relating 
other elements of marketing strategy to systematic risk" (p 
46) Second, we carry on their spirit and uncover new bene- 
fits of advertising (1 e , lowering both systematic and firm- 
idiosyncratic risk and gaining more insurance-like protec- 





1416 this distinction between the two risk metrics 1s valid (Miller, 
Wiseman, and Gomez-Mey1a 2002), 1t 1s reasonable to believe that 
the relationship between CSP and firm-idiosyncratic risk 1s 
stronger than the relationship between CSP and systematic risk 
Furthermore, theoretically, firm-specific strategies can affect sys- 
tematic risk as long as these strategies are somehow related to the 
stock market (1 e , when firms buy back their own stocks from the 
market or issue more stocks or when there 1s active marketing of 
initial public offerings [see Cook, Kieschnick, and Van Ness 
2006]) Although some studies have found that firm-1diosyncratic 
marketing strategies affect systematic risk (McAlister, Srinivasan, 
and Kim 2007), other studies have not (е g , Sorescu and Spanjol 
2008) 





TABLE 4 
The Impact of CSP on Systematic Risk 
MSK Model 
Plus CSP 


MSK Model 


Coeffi- Signifi- Coeffi- Signifi- 


Variables cient cance cient. cance 
Lagged advertising 

spending —3 187 ш —2 719 ii 
Lagged R&D intensity — 501 bic -329 ns 
Lagged CSP Not —  -1372 pa 

modeled 

*p< 05 
“p< 01 


Notes MSK = McAlister, Srinivasan, and Kim (2007, p 42, Column 
1) ns =not significant 


tion of firm shareholder wealth through the synergistic 
interactions between advertising and CSP) Third, we 
extend the substantive domain of their pioneering study by 
expanding firm stock risk to include not only systematic 
risk but also idiosyncratic risk 


Discussion and Implications 


Does Wall Street care about CSP? In other words, are firms 
financially rewarded or punished for excelling in CSR ını- 
tiatives? While proponents espouse that CSR panders to an 
increasingly socially conscious consumer population and 
enables companies to gain insurance-like protection, critics 
counter that managers should not spend others’ money for 
perceived social good This debate over doing good has 
assumed critical significance in practitioners’ minds, as 
more companies engage in CSR initiatives. We directly 
respond to this debate by theonzing and testing a frame- 
work that predicts (1) the impact of CSP on firm- 
idiosyncratic risk and (2) the role of two strategic marketing 
levers (advertising and R&D) in explaining the variability 
of this impact among different firms Using large-scale sec- 
ondary data sets, we show that superior CSP relative to 
competitors 1s indeed capable of boosting shareholder 
wealth by lowering the undesirable volatility of firms’ stock 
prices In addition, although firms with higher advertising 
intensity derive more risk-reduction benefits from CSP than 
firms with lower advertising intensity, а sumultaneous pur- 
suit for CSP, advertising, and R&D 1s detrimental finan- 
cially because of the increased stock risk We discuss the 
implications of our findings next 


Implications for Theory 


This study extends CSR research We rigorously demon- 
strate the relationship between CSP and the risk of firm 
stock prices in the presence of various finance, marketing, 
and accounting variables With the understanding that the 
finance model (Ferreira and Laux 2007) we built on con- 
trols for the relevant finance variables, we believe that this 
article contributes to the field by showing CSP’s robust 
impact on lowering firm-idiosyncratic risk. This 1s a mater- 
1al step forward because 1t addresses a significant research 
gap clearly identified ın the literature "[A]n important yet 
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underemphasized benefit from CSR 1s insurance against 
negative events that would otherwise harm financial perfor- 
mance” (Peloza 2006, p 53) In his study, Peloza (2006) 
also reports that firms with poor CSR reputation suffered 
stock market declines twice the size of those experienced by 
firms with positive CSR reputation Although some studies 
have suggested that CSP can bestow moral capital to firms 
that can win the hearts and minds of stakeholders in a reli- 
able and honest way (Brown and Dacin 1997, Godfrey 
2005), we are able to quantify empirically the risk- 
reduction benefits of superior CSP with firm stock prices 
data, uncovering the economic significance of managing 
risk through CSP From our model, a one-standard- 
deviation 1ncrease 1n. CSP reduces our dependent variable 
by 205 units (201 x 1018) Relative to the variability of 
the dependent variable (2 053), this represents approxi- 
mately a 10% influence In other words, our study suggests 
that by boosting one standard deviation more than average 
ш CSP, firms can reduce their firm-idiosyncratic risk by 
approximately 10%, which 1s meaningful (but ignored in 
the extant literature) from an economic perspective 

We also deepen academic understanding of the interplay 
between two key strategic marketing instruments and CSR 
in reducing firm risk To our knowledge, we are the first to 
find that different intensities of strategic levers, such as 
advertising and R&D, can explain the variability in the 
effects of CSP on firm-idiosyncratic risk among heteroge- 
neous firms These contingency findings are important for 
at least two reasons Furst, they help disentangle the long- 
fought dispute over “doing good” That 1s, we suggest that 
though the laudable risk-reduction benefits of CSP аге 
greater 1n firms with higher (versus lower) advertising 
intensity, a simultaneous pursuit for CSP, advertising, and 
R&D may not mesh well and may induce more harmful 
Stock risk In other words, CSP 1s not beneficial ın all situa- 
tions but rather 1s advantageous in some firm contexts and 
disadvantageous 1n others Indeed, prior studies on respon- 
sibility have often overlooked firm-specific boundaries that 
account for variability ın the performance implications of 
CSP Further research should acknowledge and robustly 
model the heterogeneous, differential effects of CSP and the 
trade-offs among various strategic assets to understand this 
debate more fully In doing so, future work can advance the 
understanding of the contingent relationships (1e, when 
and why some firms generate more performance benefits of 
CSP than others) Second, our findings contribute to the 
strategic marketing literature Prior research has noted that 
both advertising and R&D play a critical role in corporate 
marketing strategy and generate firm value (Josh: and 
Hanssens 2009, McAlister, Srinivasan, and Kim 2007) We 
agree and add to the literature by innovatively revealing the 
additional effects of advertising and R&D 1n the context of 
risk-reduction potential of CSP The effects of two- and 
three-way interactions among advertising, R&D, and CSP 
in affecting the risk of stock prices have been largely 
neglected in the extant literature Thus, our findings of these 
interactive effects foster a new perspective that more closely 
links CSR research, marketing strategy, and shareholder 
value 
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Furthermore, broadly speaking, we advance research on 
the marketing—finance interface (Luo and Homburg 2008, 
Srivastava, Shervani, and Fahey 1998) by examining stock 
risk, an important metric largely ignored in existing market- 
ing literature Recently, Srintvasan and Hanssens (2009, p 
308) explicitly called for research on the marketing—finance 
interface to investigate “the stock market impact of [CSR] 
initiatives Do higher levels of [CSR] investments hurt or 
benefit firm valuation?" Our research precisely responds 
to this call and fits neatly with Marketing Science Institute's 
top research priority Indeed, many financial agencies, such 
as Morningstar, Standard & Poor’s, and Value Line 
Research Center, typically track risk metrics 1n their evalua- 
tions of stocks, and investors keep a close eye on security 
risk barometers Despite its high relevance to the world of 
finance, the risk/volatility metric of stock returns has 
received relatively little attention ın marketing research 
McAlister, Srinivasan, and Kim (2007) begin to address 
related issues, such as systematic risk Again, armed with 
the understanding that McAlister, Srinivasan, and Kim’s 
model we followed 1s valid, we believe that this article also 
contributes to the literature by showing CSP’s robust impact 
on lowering firm systematic risk. More generally, while 
prior marketing literature has typically focused on the level 
of stock return or the first moment, our work uncovers an 
important relationship—strategic variables such as CSP 
may also affect the variability of stock return or the second 
moment In this sense, our study, coupled with extant stud- 
1es (eg , Luo and Bhattacharya 2006), puts two pieces of 
the puzzle together and suggests the full strategic 1mpor- 
tance of CSP That 1s, CSP may not only increase the level 
of future cash flows but also reduce the risk of expected 
cash flows, both of which help boost firm long-term stock 
wealth Therefore, by drawing much-needed attention to the 
risk-reduction potential of CSP and strategic marketing 
levers, we help expand the research agenda on the 
marketing—finance interface 

Finally, we contribute to the finance literature on drivers 
of firm-1diosyncratic risk. That 15, we propose and confirm 
a strategic marketing instrument (1e , CSP) as another dn- 
ver that has been omitted 1n prior finance literature but that 
significantly affects stock risk As such, our work (1) helps 
bridge the knowledge gap between finance and marketing 
and (2) enables financial executives or 1nvestors to commu- 
nicate more effectively with marketers п a common lan- 
guage (1e, both parties may be interested in valuing CSR 
from the aspect of stock risk) 


Implications for Managers and Investors 


Marketing strategy can successfully and meaningfully meet 
Wall Street Our research suggests that when 1mplemented 
well, CSR programs and strategic marketing levers can cre- 
ate moral capital and provide an insurance-like protection 
for the firm's shareholder wealth Indeed, “risk manage- 
ment 15 the clearest benefit of doing good ^ Doing the 
right thing doesn't only help protect the brand It also can 
help secure your future resources and markets" (Kher 
2005) However, firms need to guard against being 
perceived as "cause exploitative" (Drumwright 1996) 
Research has shown that firms are rewarded for their proso- 


cial initiatives only when stakeholders make “intrinsic attri- 
butions” about a firm's motives for engaging 1n such шша- 
tives (Du, Bhattacharya, and Sen 2007) Thus, by being 
authentic and sincere in the way they approach and шпрје- 
ment CSR programs, managers can enjoy both the opportu- 
nity platform and safety net offered by superior CSP and, 
thus, steady stock returns 

However, although being socially responsible ıs glori- 
ous, practitioners should note that the goodwill refund of 
CSP is not strictly proportional or unconditional Corporate 
social performance does not work 1n 1solation but rather 1n 
tandem with other firm strategic instruments The point for 
managers 1s that without the supporting roles of advertising 
and R&D, the benefits of CSP for stock risk management 
can be attenuated Thus, rather than being 1mplemented 1n a 
one-off fashion, CSP merits careful consideration as part of 
the firm's repertoire of other marketing strategy instru- 
ments, such as advertising and R&D 

Indeed, too often, executives pursue a CSR agenda 
without prudently considering broader contexts of the firm 
Disconnected responsibility initiatives not in synergy with 
firms’ marketing strategy instruments can obscure many 
opportunities for companies to benefit society and can even 
lead to more harmful, unintended stock nsk (good inten- 
tions end up with bad numbers, Porter and Kramer 2006) 
Flying blind 1s not recommended for responsible firms with 
different marketing strategic capabilities Rather, CSP 
should permeate the strategic marketing planning and be 
more closely tied to firm-specific strategic resource budget- 
ing We urge firms to conduct rigorous research to deter- 
mine stakeholder perceptions of firm actions and more pre- 
cisely map how CSP and firm strategic levers 1nteract and 
align before settling on the appropriate CSR initiatives In 
doing so, managers may build a more resilient firm that can 
leapfrog the competition and better ride out economic 
downturns 

In conclusion, the supported role of CSP in lowering 
firm-1diosyncratic risk suggests beneficial effects of CSP 
for stock risk management purposes Given the quickly ris- 
ing social expectations, 1t has been a “rude awakening for 
companies that have not embraced a more strategic 
approach to social responsibility” (Grow, Hamm, and Lee 
2005, p 78) Executives should have less lingering doubt 


about CSP and its impact on firm stock prices Smarter cor- 
porate giving (in the form of targeted donations, community 
support, and employee responsibility alike) can protect 
brand equity and improve shareholder wealth for many 
companies, ranging from American Express, to Bank of 
America, to IBM, to Home Depot, to SAP (Luo and Bhat- 
tacharya 2006) We also suggest that without understanding 
the firm-specific boundanes of marketing strategy instru- 
ments, firms can significantly miss the business implica- 
tions of doing good In contrast, empowered by a careful 
integration of CSP with advertising, R&D, and other orga- 
nizationwide programs, CSR initiatives can be not just good 
but also gold for managers and investors, given the merits 
of CSP 1n promoting and stabilizing firms’ stock prices over 
time 


Appendix 
Random Coefficients Model 


We specify the random coefficients model as follows 
Vit 1 = 8X4 Фу = бо + 6) СР, + 5 CSP, X RD, 

+ €3,CSP,, x AD, + Egy ADy X RD, 

+ BgCSP, x RD, x АП, + Ё Vit + EcontrolsControlsy + Oy, 
where 


Šo = фор + Vog (unobserved heterogeneity in random 
ıntercepts), 

Су = до + Vig (unobserved heterogeneity ın random 
slopes), 

Бр = 629 + Одо (unobserved heterogeneity ın random 
slopes), 

©з, = фао + Uso (unobserved heterogeneity ın random 
slopes), 

ба = Фао + Одо (unobserved heterogeneity ın random 
slopes), and 

Es; = Фоо + Vso (unobserved heterogeneity ın random 
slopes) 


This random coefficients model can account for unobserved 
heterogeneity in the data that may exist beyond the 
observed heterogeneity at the firm, industry, and time levels 
captured through the control variables 
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Yubo Chen, Shankar Ganesan, & Yong Liu 


Does a Firm’s Product-Recall 
Strategy Affect Its Financial Value? 
An Examination of Strategic 
Alternatives During Product-Harm 
Crises 


Product-harm crises often result in product recalls, which can have a significant impact on a firm’s reputation, sales, 
and financial value In managing the recall process, some firms adopt a proactive strategy in responding to 
consumer complaints, while others are more passive In this study, the authors examine the impact of these 
strategic alternatives on firm value using Consumer Product Safety Commission recalls during a 12-year period 
from 1996 to 2007 Using the event study method, the authors show that regardless of firm and product 
characteristics, proactive strategies have a more negative effect on firm value than more passive strategies An 
explanation for this surprising result 15 that the stock market interprets proactive strategies as a signal of substantial 
financial losses to the firm When a firm proactively manages a product recall, the stock market infers that the 
consequence of the product-harm crisis 15 sufficiently severe that the firm had no choice but to act swiftly to reduce 
potential financial losses Therefore, firms dealing with product recalls must be sensitive to how investors might 
interpret a proactive strategy and be aware of its potential drawbacks 


Keywords product recalls, firm financial value, proactive and passive strategies, firm reputation, crisis 


management, event study 


ketplace, ranging from lead paint-contaminated toys, to 

faulty tures, to tainted pet food, to unhygienic food prod- 
ucts These well-publicized incidents are referred to as 
“product-harm crises” (Dawar and Pillutla 2000) They 
occur when a firm’s product fails to meet a mandatory 
safety standard, contains a defect that could cause substan- 
tial harm to consumers, creates an unreasonable risk of seri- 
ous injury or death, or fails to comply with a voluntary stan- 
dard adopted by the specific industry (Mullan 2004) 

Often, the consequence of product-harm crises involves 
product recalls, 1n which the implicated firm must retrieve 
recalled products from all distribution channels and from 
the end consumers According to the Consumer Product 
Safety Commussion (CPSC), more than 400 consumer prod- 


[= of negative publicity are ubiquitous 1n the mar- 
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ucts were recalled ın 2007 because of safety concerns 1 
Moreover, product recalls are likely to occur more often in 
the future because of increased globalization of production, 
greater complexity of products, greater demand by con- 
sumers for product quality and safety, and closer monitor- 
ing by both firms and government agencies (Berman 1999) 

Product-harm crises in general and product recalls in 
particular have the potential to damage carefully developed 
brand equity, spoil consumers’ quality perceptions, tarnish a 
company's reputation, and lead to revenue and market share 
losses (е 2 , Laufer and Coombs 2006, Rhee and Hauns- 
child 2006, Siomkos and Kurzbard 1994, Sullivan 1990, 
Van Heerde, Helsen, and Dekimpe 2007) In the worst case, 
product recalls could destroy investor confidence in the 
firm, which 1n turn leads to either a decline in the financial 
value of publicly traded firms or the unwillingness of 
1nvestors to continue funding private firms Thus, the funda- 
mental sustainability of the firm may be at risk For exam- 
ple, Merck's stock price plummeted from $45 07 to $33 00 
in a single day on September 30, 2004, when Vioxx was 
recalled "Topps, one of the largest makers of frozen ham- 
burgers ın the United States, went bankrupt after ıt was 
forced to recall 21 7 million pounds of frozen hamburger on 
September 29, 2007 





ISee http //www cpsc gov/cpscpub/ prerel/prerel html 
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Given the increased frequency of product recalls and the 
potentially devastating consequences for the firms involved, 
managing such crises effectively has become a top priority 
for many firms Previous literature has classified crisis man- 
agement strategies into four distinct categories denial, 
involuntary recall (or forced compliance), voluntary recall, 
and "super-effort" (Dawar and Pillutla 2000, Laufer and 
Coombs 2006) These four strategies make up the so-called 
company response continuum At one extreme, firms for- 
sake (or try to forsake) any responsibility for the defective 
product by denying culpability and delaying the recall 
process At the other extreme, firms respond to consumer 
complaints early, issue speedy voluntary recalls, communi- 
cate extensively with consumers and other stakeholders, 
and often provide additional compensation beyond the legal 
requirement Thus, a major distinction among various 
product-recall strategies 1s whether the firm acts passively 
and defensively or proactively and responsibly (Siomkos 
and Kurzbard 1994) 2 А fundamental question 1s whether а 
proactive strategy helps attenuate the effects of product 
recalls on firm value The theoretical and етршса! evi- 
dence for this question remains equivocal 

Only a limited number of marketing studies have inves- 
tigated the impact of product-harm crisis management 
strategies by focusing on consumer evaluations of products 
and services (e g , Ahluwalia, Burnkrant, and Unnava 2000, 
Dawar and Pillutla 2000) These studies provide valuable 
insights into how consumers perceive and respond to 
product-recall strategies Most of these studies were con- 
ducted 1n a laboratory setting, and the broader issue of how 
different crisis management strategies might influence 
firms’ financial value has not been studied This paucity in 
research 1s glaring because there has been increased atten- 
tion on understanding the linkage between firm strategies 
and stock market performance Moreover, most consumer- 
based strategies have the ultimate goal of maximizing 
shareholder value Compared with consumer-level and 
firm-level measures (e g , Ramani and Kumar 2008), stock 
returns provide a direct assessment of stockholder value 
(Prince and Rubin 2002) Therefore, an examination of 
how product-recall strategies influence stock returns is 
warranted 

Several studies 1n economics and finance have exam- 
ined the impact of product recalls on firm value for several 
product categories, but the results are mixed (e g , Davidson 
and Worrell 1992, Hoffer, Pruitt, and Reilly 1988, Jarrell 
and Peltzman 1985, Thomsen and McKenzie 2001) For 
example, Jarrell and Peltzman (1985) find that automobile 
and drug recalls are associated with negative abnormal 
stock returns Hoffer, Pruitt, and Reilly (1988) reexamine 
the same data and find that recall announcements do not 
significantly affect firm value after controlling for potential 
confounding events Thomsen and McKenzie (2001) find 
significant shareholder losses when publicly traded food 
companies are involved in a serious food recall Most of 


2There could be other ways to categorize the product-recall 
strategies that firms adopt We focus on the most commonly used 
typology—namely, proactive and passive strategies 


these studies focus on the automobile, food, or pharmaceu- 
tical industries One exception 1s the study by Davidson and 
Worrell (1992), who examine product recalls 1n multiple, 
nonautomobile categories However, their sample is 
restricted to only recalls reported 1n the Wall Street Journal 
The recall effects across a broad range of consumer prod- 
ucts, such as toys, electronics, and household products, 
which have received a great amount of public attention 1n 
recent years, remain largely unexamined More important, 
when examining the impact of product recalls, the extant 
studies have not considered the role of alternative product- 
recall strategies 

The focus of this article 1s to investigate how proactive 
(versus passive) recall strategies during the recall process 
influence stock returns We test our theoretical prediction 
with data from multiple sources on recalls, firm strategies, 
and firm/product characteristics in different consumer prod- 
uct categories (е g , toys, child products, household prod- 
ucts, sports and recreation products, outdoor products, other 
specialty products) We study product recalls during a 12- 
year period from 1996 through 2007 We collected the 
recall details from the official CPSC recall announcements 
The long time span enables us to have a sufficient sample 
even after excluding recalls for which the effects on stock 
returns may be contaminated by confounding events 
(MacKınlay 1997, McWilliams and Siegel 1997) In reality, 
1t 1s difficult for researchers to directly observe and measure 
how firms manage product recalls Fortunately, we were 
able to 1dentify a viable measure of recall strategies (1e, 
proactive versus passive strategies) from the CPSC recall 
announcements We match the CPSC recalls with stock 
return data from the Center for Research in Security Prices 
at the University of Chicago, as well as the characteristics 
of these firms from sources such as Fortune magazine’s 
annual surveys of "America's Most Admired Companies ” 

Our key finding is that contrary to the conventional wis- 
dom, proactive recall strategies have a more negative effect 
on the firms’ stock returns than passive strategies, regard- 
less of firm and product characteristics This finding 1s dif- 
ferent from the existing literature (e g , Dawar and Pillutla 
2000, Siomkos and Kurzbard 1994), which focuses on 
potentially positive consequences from the consumers’ per- 
spective and indicates that when a firm 1s more responsive 
to the recall, the negative effect on brand equity, consumer 
perceptions, and future purchase intentions may be attenu- 
ated In contrast, our findings indicate that investors may 
view proactive recall strategies differently from consumers, 
interpreting them as a signal of severe product hazard and 
financial damage (1e, the expenses related to the recall 
process, potential litigation, liability, and penalty payment 
for damages to consumers or properties are substantial) to 
the firm In turn, such perceptions will influence the firm’s 
financial value negatively Consistent with this explanation, 
we find that proactive strategies tend to be used more often 
by less reputable firms (which have little buffer against the 
negative impact of product-harm crisis) than by more rep- 
utable firms As a result, firms need to be sensitive to how 
the stock market might interpret proactive strategies 
because there could be significant, negative repercussions 1n 
terms of stock market reactions associated with them This 
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underscores the importance of linking firm strategies to 
financial market value when studying product recalls 

We organize the remainder of this article as follows 
Next, we provide an overview of the product-recall process 
and discuss two strategic alternatives (proactive versus pas- 
Sive strategies) available to firms managing product recalls 
We then discuss the theoretical background on how these 
strategies may influence firm financial value Next, we pre- 
sent the data, the event study methodology, and the main 
empirical findings We conduct a cross-sectional analysis to 
complement the event study and show that recall strategies 
are a major influencer of abnormal stock returns This 1s 
followed by an analysis of the mediating role of recall 
strategies and a Heckman estimation to address the poten- 
tial influence of endogeneity, which confirm the robustness 
of our findings We conclude with a summary, a discussion 
of managerial and policy implications, and suggestions for 
further research 


Theoretical Background 


In the United States, product safety 1s overseen by several 
federal government agencies, depending on the product 
category The National Highway Traffic Safety Administra- 
tion 1s responsible for safety issues related to motor vehi- 
cles and related equipment The Food and Drug Admunistra- 
tion has jurisdiction over safety recalls involving foods, 
drugs, medical devices, and cosmetics The CPSC is 
responsible for the product safety of most “consumer prod- 
ucts,’ which include household, outdoor, sports and recre- 
ation, and children’s products 3 


Managing Product Recalls: Proactive Versus 
Passive Strategies 


The basic process that leads to a potential product recall 1s 
relatively straightforward The recall process the CPSC uses 
1s as follows In the beginning, either the firm or the CPSC 
receives information from consumers or distribution chan- 
nel members about the potential hazard of a product Often, 
such information comes from consumer complaints directly 
to either the firm or the federal agency For example, the 
CPSC receives approximately 400,000 calls annually from 
consumers through its 24-hour hotline (Schoem 2001) A 
firm has the obligation to report to CPSC within 24 hours if 
it receives information or evidence that “reasonably sup- 
ports the conclusion” that safety issues exist (Mullan 2004) 
The CPSC and the firm are then involved in “risk analysis” 
to identify patterns or data that suggest that the product 
“creates a substantial product hazard ” If a product 1s identi- 
fied as potentially harmful and it 1s determined that a recall 
15 1n order, the firm and the CPSC can decide to issue a 
recall at any time A firm can also issue a “fast-track” recall 
without waiting for the “risk analysis” to be completed 

In either case, the CPSC initiates an official recall 
announcement in a standard format jointly with the firm 


ЗАП phrases 1n quotation marks reflect the terminology speci- 
fied by the CSPC in its recall procedures 
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The firm ıs not allowed to provide 115 own news release 
before the CPSC announcement Such recalls are “volun- 
tary" recalls In rare cases, the firm does not agree with the 
agency's decision that a recall 1s warranted The agency 
then needs to decide whether to impose a mandatory (ie, 
1nvoluntary) recall Because mandatory recalls require elab- 
orate legal proceedings before an admunistrative judge, 
which can be lengthy and costly and involve uncertain out- 
comes, it 1s usually ш the interest of the agency and the firm 
to cooperate 1n the recall process For example, 1n the case 
of the CPSC, almost all recalls are voluntary recalls On 
average, the mandatory recall process 1s used less than once 
a year (Mullan 2004) Regardless of the type of recall, the 
main purpose 1s to locate and remove all defective products 
as quickly as possible from consumers and channel mem- 
bers and to give the public accurate and understandable 
1nformation about the product defect, the extent of hazard 1t 
poses, and the firm's corrective plan 1n a timely manner 
(CPSC 1999) 

The recall process gives the firm the opportunity to act 
strategically on whether and when to cooperate with the 
regulatory agent to issue (or agree to issue) a recall It can 
work with the agency to do so earlier in the investigation 
process, or it can delay to the maximum extent until there 1s 
no other choice As we discussed previously, the literature 
suggests that firms differ considerably in terms of when 
they announce a recall and how they handle a recall incident 
(eg, Dawar and Pillutla 2000, Laufer and Coombs 2006, 
Siomkos and Kurzbard 1994) 

In line with Siomkos and Kurzbard’s (1994) framework, 
firms’ recall strategies can be categorized according to their 
responsiveness to the recall incident Some firms adopt a 
proactive recall strategy If the firm or the federal agency 
discovers a product flaw that might necessitate a potential 
recall, the firm adopting the proactive strategy 1s more 
likely to work with the agency and issue a voluntary recail 
early їп the process Such recalls often occur when the firm 
becomes aware of a potentially hazardous product through 
internal inspections and before any consumer safety ıncı- 
dents have been reported to the firm or agency (CPSC 
1999) For example, on February 15, 2007, Fisher-Price (a 
division of Mattel) and the CPSC announced the recall of 
approximately 500,000 toys that could pose a choking haz- 
ard to young children This proactive recall was mainly 
based on internal testing and was issued even though there 
had been no incidents or injuries reported by consumers 

In contrast, firms may adopt a passive strategy 1n man- 
aging product recalls The passive approach may entail 
delaying the recall process and/or trying to shift the respon- 
sibility to other firms or entities These recalls tend to be 
issued much later in the investigation process and usually 
happen after serious consumer complaints have been made 
to the firm or the CPSC Unfortunately, such recalls are 
often issued after serious injuries and/or death to con- 
sumers As an example, Playskool recalled approximately 
255,000 of its Team Talkin’ Tool Bench toys only after 
receiving the death reports of two toddlers (CPSC 2006) 

We now turn to the conceptualization of proactive ver- 
sus passive recall strategies We also provide theoretical 
predictions for their impact on firm financial value 


Effects of Product-Recall Strategies on Firm 
Financial Value 


A significant amount of information asymmetry exists 
between firms and the stock market (Myers and Мај! 
1984) This information asymmetry 1s accentuated during 
crisis events, such as product recalls Typically, firms 
involved ın recalls possess more private information about 
the nature of the product hazard and its potential conse- 
quences than the stock market This 1s due to the complex- 
ity 1n the production and distribution processes, the firms’ 
proximity to consumers, and their frequent communication 
with regulatory agencies In contrast, the stock market relies 
on a multitude of external information sources (e g , corpo- 
rate or government news releases, third-party business pub- 
lications) to determine the impact of a crisis event on the 
firm In addition to publicly available information, the stock 
market pays close attention to a firm’s actions and strategies 
and tries to interpret these as signals of future earnings and 
firm value (Ross 1977) An important signal of the potential 
fallout from a crisis event 1s the type of product-recall strat- 
egy a firm adopts 

Previous research has indicated that a proactive strategy 
may have positive consequences on consumer perceptions 
For example, consumers perceive firms that act in a socially 
responsible manner as being of a higher quality (Siegel and 
Vitaliano 2007) A more active firm response helps reduce 
the negative ımpact of product-harm crises on consumers’ 
perceptions of the firm and their future purchase intentions 
(Siomkos and Kurzbard 1994) Furthermore, the negative 
effect on brand equity and consumer perceptions can be 
reduced when a firm accepts the responsibility for 15 prod- 
uct recall (eg, Dawar and Pillutla 2000, Siomkos and 
Kurzbard 1994) Finally, a proactive strategy can be inter- 
preted as an indication that the firm 15 trustworthy and cares 
about its consumers For example, Fortune magazine 
recently selected Mattel for its 2008 list of “100 Best Com- 
panies to Work For,” mainly because of Mattel’s quick and 
responsible actions in recalling defective toys in 2007 4 
Overall, consumers tend to use a firm’s recall strategy as a 
signal of its product and service quality and trustworthiness 

However, 1t 15 likely that the stock market and investors 
view the implications of a proactive product-recall strategy 
differently from consumers The stock market 1s sensitive to 
news about and signals of a firm’s financial prospect (Ross 
1977) Although a proactive strategy may have the potential 
benefits of maintaining consumer confidence and instilling 
brand loyalty, investors tend to be more concerned about the 
firm’s ability to maintain a healthy cash flow in the short 
run and how the recall event may negatively affect product 
sales 5 By observing that the firm 1s moving quickly and 
early to initiate the recall and ıs proactively managing ıt, 


4The complete list and the reference to Mattel are available at 
the following Web site http //money cnn com/magazines/fortune/ 
bestcompanies/2008/snapshots/70 html 

5Another reason the investors may take a short-term perspective 
1s that because of investment alternatives, they can move their 
1nvestment out of a firm if the cash and profitability prospects 
appear to be at risk We thank the guest editor and two anonymous 
reviewers for helpful suggestions regarding the theoretical 
discussions 


investors may speculate that the financial consequences are 
going to be severe and that the firm had no other choice but 
to act proactively to reduce the potential impact In other 
words, the investors are likely to interpret proactive actions 
as a signal of severe financial loss, which typically includes 
expenses related to the recall process, potential litigation, 
liability, and penalty payment for damages to consumers or 
properties This negative implication of proactive recalls 1s 
directly related to some aspects of investor behavior As 
Benartzi and Thaler (1995) indicate, investors weigh possi- 
ble losses 25 times more heavily than possible gains 
because of loss aversion (Tversky and Kahneman 1991) 
Sharma and Lacey (2004) examine stock market reaction to 
new product development outcomes and find that stock 
market losses from product development failures are much 
larger than stock market gains from product development 
successes Moreover, 1f the 1mplications of a crisis-related 
news пет are ambiguous, investors often process the infor- 
mation as 1f the worst-case scenario was going to happen 
(Epstein and Schneider 2008) When the crisis-related news 
involves both positive and negative aspects, Viale (2007) 
indicates that the stock market will react categorically to the 
negative rather than the positive aspects As a result, the 
stock market will be more sensitive to the negative implica- 
tions of proactive recall strategies than to positive 1mplica- 
tions, such as those from the consumer perspective 

Furthermore, firms are ill-prepared to handle product- 
harm crises and tend to react to them passively (e g , Dawar 
and Pillutla 2000, Pearson and Clair 1998) This 1s sup- 
ported in our data, in which passive recalls are more fre- 
quently observed 6 This implies that compared with passive 
strategies, proactive strategies might receive greater atten- 
tion and scrutiny from the investors, resulting ın more nega- 
tive interpretations 

Therefore, we propose that a proactive strategy will 
receive greater 1nvestor attention and that the stock market 
will interpret 1t as a signal of significant financial losses In 
turn, firm financial value will be affected more negatively 
when the recall strategy 1s proactive than when it 1s passive 


Н, Proactive product-recall strategies are more negatively 
related to the firms’ financial value than passive product- 
recall strategies 


Data 


We test the hypothesis with CPSC product recalls from Jan- 
uary 1996 to December 2007 (see http //www cpsc gov/ 
cpscpub/prerel/prerel html) We chose the recalls issued by 
the CPSC for several reasons First, the CPSC (2005) does 
not allow any news releases or information leaks before the 
recall announcement This policy remained unchanged dur- 
ing the 12-year period of our study After it 1s determined 
that a recall 15 to be issued, all official recall information 
originates from the CPSC This feature of the recall process 
enabled us to accurately measure the date on which a recall 
announcement was made to the public The recall and the 
firm’s recall strategy are unanticipated events to the public 


6Among the 153 recall events studies in this article, 115 (or 
75%) are passive recalls, and 38 (or 25%) are proactive recalls 
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when the CPSC announces the recall This offers an ideal 
setting for the event study method (MacKinlay 1997) 

Second, each CPSC recall announcement specifically 
indicates the number of safety incidents related to the 
recalled products that had been reported to the firm and the 
CPSC by the time the recall was issued If any, these 1nci- 
dents tend to be injuries, deaths, and severe property dam- 
age to the users of the products These reports provide use- 
ful information that enables us to distinguish between 
proactive and passive recall strategies If the firm and the 
CPSC have not received any incident report but a recall 1s 
issued, 1t suggests that the firm moved quickly 1n managing 
the crisis and adopted a proactive strategy If this is not the 
case, 1t suggests that firms are relatively passive 1n manag- 
ing the recall Note that these incidents were reported either 
to the firm or to the CPSC, the general media may not be 
aware 

Third, among all federal agencies that regulate product 
recalls, the CPSC 18 responsible for the most diversified 
range of consumer products Many of the recent large-scale 
product recalls have occurred for nondurable goods, such as 
toys and toothpaste, which fall under the regulatory author- 
ity of the CPSC Thus, using the recall data from the CPSC 
helps enhance the generalizability of our findings 

Finally, the CPSC does not handle automotive-related 
recalls Product recalls 1n the automobile industry are соп- 
sistently more frequent than in other industries For exam- 
ple, Davidson and Worrell (1992) report that the number of 
recalls from the “big three” automakers in their 20-year 
sample 1s larger than all other recalls combined Pruitt and 
Peterson (1986) find that the number of automobile recalls 
from the three automakers 1s about twice as large as all 
other recalls combined The inclusion of a large number of 
automobile product recalls may lead to significant sample 
bias unless the focus 1s on the automobile industry itself 

We collected information for product recalls that were 
issued for firms publicly traded on the New York Stock 
Exchange We obtained the daily stock return data from the 
Center for Research m Security Prices at the University of 
Chicago Because CPSC regulations on reporting product 
safety problems are different between manufacturers and 
retailers (Mullan 2004), we exclude all retailer recalls (e g , 
Target, PetSmart) and focus only on manufacturer recalls 
We obtain key firm characteristics, such as firm reputation 
and revenue, from the annual survey of “America’s Most 
Admired Companies" by Fortune magazine (e g , Fombrun 
and Shanley 1990) and from the firms’ annual financial 
reports 


Event Study Analysis 


Methodology 

Event studies have traditionally been employed in the 
finance and accounting disciplines MacKinlay (1997) pro- 
vides a comprehensive review of the key considerations and 
methodological issues 1n event studies In marketing, event 
studies have been used to examine the impact of various 
marketing strategies on stock returns, such as the addition 
of Internet distribution channels (Geyskens, Gielens, and 
Dekimpe 2002), celebrity endorsement (Agrawal and 
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Kamakura 1995), brand extension announcements (Lane 
and Jacobson 1995), and the change of company names 
(Horsky and Swyngedouw 1987) The recent studies by 
Joshi and Hanssens (2009) and Tellis and Johnson (2007) 
provide useful descriptions of the key features of this 
methodology 

An important issue in event studies 1s identifying an 
1nvestigation period during which there are no confounding 
events that could obscure the effects associated with the 
event under consideration (MacKanlay 1997, McWilliams 
and Siegel 1997) If there 1s uncertainty about when the 
event actually occurred, the researcher must use fairly long 
event windows Unfortunately, a long event window 
increases the possibility of confounds because of a greater 
number of intervening events Therefore, the literature has 
suggested that the event window should be set as short as 
possible (eg, McWilliams and Siegel 1997) Consistent 
with this requirement, the CPSC data provide a unique and 
accurate event day, namely, the day when a recall was 
announced We further exclude any recall observations for 
which the firm involved in a recall experienced other eco- 
nomically relevant events on the recall date As per the 
event study literature, we located the confounding events by 
searching the archives and indexes of the Wall Street Jour- 
nal, which 1s considered the most comprehensive news 
source for financially relevant events (e g , McWilliams and 
Siegel 1997) 

To prevent the impact of potential leakage of recall 
information before the event day, we follow Davidson and 
Worrell’s (1992) suggestion and exclude recalls for which 
there were news reports in the Wall Street Journal before 
the recall announcement on safety issues related to the 
recalled product (е g , safety incidents, product inspection) 
By doing so, we can uniquely examine the financial impact 
of unanticipated recall announcements and ensure that any 
differential effects between proactive and passive strategies 
on stock returns 1s not due to investors’ prior knowledge 
about safety incidents from media reports More important, 
this helps rule out the alternative explanation that the differ- 
ential effect of a passive recall strategy occurs because 
investors might have more prior information about passive 
recalls (relative to proactive recalls) and are less likely to be 
surprised about them 

Finally, we identify and exclude recall cases in which 
the potential hazard 1s chronic and manifests over time, 
such as those based on concerns about lead paint Such haz- 
ards may not induce immediately visible incidents but are 
harmful in the long run if left unchecked These cases could 
cause ambiguity for the classification of proactive and pas- 
sive recalls because the chance of incident reporting 1s 
inherently minimal 7 For similar reasons, we also exclude 
the recall cases ın which a firm initiated multiple recalls 
that included both proactive and passive recalls on the same 
day 

After these screening steps to ensure data quality for the 
even study, we obtained a final sample of 153 recalls 
Among them, 38 were issued before the firm or the CPSC 
had received any report of safety incidents We categorized 


7We thank an anonymous reviewer for pointing out this issue 


these as proactive recalls We classified the remaining 115 
recalls as passive recalls Our sample size compares favor- 
ably with previous event studies For example, there were 
58 observations in Horsky and Swyngedouw’s (1987) study, 
89 in Lane and Jacobson’s (1995) study, 110 in Agrawal 
and Kamakura’s (1995) study, and 93 in Geyskens, Gielens, 
and Dekimpe’s (2002) study Davidson and Worrell’s 
(1992) cross-product category study of product recalls had 
133 recalls 

The "event" 1n our study 1s a product-recall announce- 
ment from the CPSC Thus, the official announcement date 
by the CPSC is the event day (Day 0) The theory of stock 
market efficiency from the finance literature indicates that 
the 1mpact of recall strategies, 1f any, should be detectable 
on the event day As is common 1n event studies (MacKin- 
lay 1997), we used a репой of 250 prior trading days (1e, 
Day -270 to Day ~21), which 1s approximately one year 1n 
calendar days, as the period to estimate normal returns 8 We 
estimated normal returns through the market model 
(MacKinlay 1997) 


(1) R, =O, +B Ri + Ew 

where R, and Ry, are the day t (t = 70, — , -21) returns 
of stock 1 (the company for which the recall was 1ssued) and 
a standard market portfolio m We used the typical market 
portfolio, Standard & Poor's S&P 500 index, in the estima- 
поп We applied estimations of о and f to the event day to 
calculate the expected return, which we then subtracted 
from the actual return to obtain the abnormal return (AR) 


(2) АК, = Ко P à, x B Ro 


Following the event study process (e g, Agrawal and 
Kamakura 1995, Davidson and Worrell 1992, Geyskens, 
Gielens, and Dekimpe 2002, Lane and Jacobson 1995, 
MacKinlay 1997), we tested our hypothesis by examining 
whether the abnormal returns for proactive and passive 
recall strategies were significantly different from zero and 
whether the abnormal returns of the two strategy groups 
were significantly different from each other 


Results and Discussion 


Table 1 presents the event study results related to the effects 
of proactive versus passive product-recall strategies on 
abnormal returns We use multiple test statistics to examine 
abnormal returns for each type of recall In addition to the 
common t-test, we examined Patell’s (1976) test statistic 
(t-Patell), which 1s robust to potential bias caused by stocks 
with large standard deviations in returns, and Boehmer, 
Musumeci, and Poulsen's (1991) standardized cross- 
sectional test (t-BMP), which 1s robust to potential event- 
induced changes 1n variance 
As Table 1, Panel A, shows, the average abnormal 
return for the proactive recalls 1s — 5996, which 1s consistently 
significant in the common t-test, the t-Patell test, and 
ee 
8To reduce concerns related to potential information leakage, 1t 
1s important that we specify an estimation репой that ends several 
days before the event period We follow this accepted practice but 


note that our results remain unchanged for alternative specifica- 
tions of the estimation репой 


TABLE 1 
Impact of Product-Recall Strategies on Firm 
Financial Value 
a —À 
A: Abnormal Stock Returns (AR) for Proactive and 


Passive Recalls 
Eee 
Recall 
Strategy N AR t-Statistic — t-Patell t-BMP 
Proactive 38 — 59% -2 31" -227* —235* 
Раззме 115 097% 63 45 46 
———M———————————— 

B: Comparison of AR Between Proactive and Passive 


Recalls 
ee 
Two-Sample Wilcoxon 

t-Test Rank-Sum Test 


AR Difference 
— 69% 


*p< 05 


t-Statistic 
—2 24“ 


W-Score 
2406 00 


Z-Statistic 
–2 19* 


the t-BMP test In contrast, none of the three tests are sig- 
nificant for the passive recalls Therefore, significantly neg- 
ative abnormal stock return 1s associated with proactive 
recalls but not with passive recalls 9 

We further compare the abnormal returns of different 
recall strategies by conducting a two-sample t-test and a 
nonparametric Wilcoxon rank-sum test As Table 1, Panel 
B, shows, proactive recalls have significantly more negative 
abnormal returns than passive recalls The difference 1s 
— 69% (р < 05) The rank sum of the abnormal returns (the 
Wilcoxon score) for proactive recalls 1s 2406, and the distri- 
bution of abnormal returns for proactive recalls 1s signifi- 
cantly shifted to the left of the distribution for passive 
recalls (Z = -2 19, p < 05) 

Overall, these results provide consistent evidence that 
the proactive recalls are associated with significantly more 
negative abnormal returns than the passive recalls On aver- 
age, the abnormal return for proactive strategies 1s approxt- 
mately 7% lower than that for passive strategies (p < 05) 
Thus, our hypothesis 1s supported, suggesting that the stock 
market interprets a proactive product-recall strategy as a 
signal of severe financial losses 

In contrast to previous studies that have focused on the 
positive aspects of proactive recall strategies from a con- 
sumer's perspective (е g , Dawar and Pillutla 2000, Laufer 
and Coombs 2006, Siomkos and Kurzbard 1994), our find- 
ings point to the potential drawback of proactive strategies 
by examining stock returns for a recall sample that spans a 
broad array of product categories Our results 1ndicate that 
1n product-recall crises, though overtly socially responsible 
behavior by a firm may generate positive responses from 


SSS 

9А$ we discussed previously, several studies examine whether 
product recalls have any impact on firm value for several product 
categories, but they report mixed findings (eg, Davidson and 
Worrell 1992, Hoffer, Pruitt, and Reilly 1988, Jarrell and Peltzman 
1985, Thomsen and McKenzie 2001) Our results offer a strong 
contribution to this literature by showing that the impact of recalls 
may depend on key factors, such as recall strategies, and that 1t 1s 
useful to differentiate product recalls accordingly 
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consumers, 1t may be interpreted by the stock market nega- 
tively Therefore, firms need to be sensitive to how the stock 
market might interpret their proactive actions 


Product-Recall Strategies as a Key 
Influencer of Abnormal Stock 
Returns 


Cross-Sectional Analysis 

In this section, we examine the source of abnormal returns 
to complement the event study and show that product-recall 
strategies are a significant 1nfluencer of abnormal returns 
The typical approach 1n event studies to examine the influ- 
ence of a factor 1s to conduct cross-sectional regression of 
abnormal returns against a set of explanatory variables 
(MacKinlay 1997) Thus, we estimate an empirical model 
that includes both recall strategies and important firm and 
product characteristics 


(3) АЕ = 0) + Q PROACT, + 05 _ 15X, +£,» 


where PROACT, 1s a binary variable that denotes whether 
the firm adopts a proactive recall strategy (PROACT, = 1) 
or a passive strategy (PROACT, = 0), X, includes firm and 
product variables that may influence stock market reactions 
to the recall event, and 05 ~ 15 1s the vector of coefficients to 
be estimated for these variables To support the results of 
the event study, the parameter estimate of proactive strate- 
gies (01) must remain significantly negative when the set of 
variables (X) ıs included in the empirical model 

We were able to gather the following firm characteris- 
tics for the recall sample the level of firm reputation, firm 
size 1n terms of sales revenue, the level of financial lability, 
and whether the recalled product used the company name ш 
its brand or carried an individual brand name These vari- 
ables may influence abnormal returns 1n different ways For 
example, strong firm reputation and a larger firm size may 
help buffer the firm from negative events, such as product 
recalls (Ahluwalia, Burnkrant, and Unnava 2000, Dawar 
and Pillutla 2000, Siomkos and Kurzbard 1994) A high 
level of financial liability may make the firm more suscepti- 
ble to the consequences of product-harm crises The brand- 
ing strategy a firm adopts 1s relevant because it captures the 
potential spillover effect, especially if the recalled product 
uses the company name 1n its brand (Sullivan 1990) 

Similar to previous measures of firm reputation (ер, 
Fombrun and Shanley 1990), we assess REPUTATION 
with the reputation ratings data from Fortune’s annual sur- 
vey of “America’s Most Admired Companies” This survey 
asks executives, directors, and security analysts to rate the 
largest companies 1n their own industry An overall reputa- 
tion score 1s assigned to each company on the basis of how 
it 1s rated on eight attributes relative to 1ts major competi- 
tors Note that the reputation scores are based on firms’ rel- 
ative performances within their industries Thus, REPUTA- 
TION of a firm takes the value of the standardized 
reputation score with respect to the means and standard 
deviations of the corresponding industry (Fombrun and 
Shanley 1990) Because the Fortune survey provides repu- 
tation scores for up to ten companies 1n each industry, we 
assign the industry average to companies that were not 
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included in the survey We collected sales revenue (FIRM- 
SIZE) and financial liability (LIABILITY) trom the firms’ 
annual 10-K reports for the year before the recall event, so 
they reflect the information that the stock market had about 
the firm at the time of the recall For the same reason, we 
measured firm reputation for the year before the recall as 
well The branding variable (BRAND) 1s coded as 1 if the 
recalled product used the company name 1n its brand and 0 
1f 1t used an individual brand name that 1s different from the 
company name 10 

We obtained product characteristics from the orginal 
CPSC recall announcements These include VOLUME (vol- 
ume of the product to be recalled), SELLTIME (how long 
the recalled product had been sold 1n the market before the 
recall), PRICE (retail price of the recalled product), HAZ- 
ARD (the level of potential product hazard [most severe 
injury, more severe injury, and minor injury], and a set of 
product category dummies following the CPSC categoriza- 
tion (TOY for toy products, CHILD for nontoy children 
products, OUTDOOR for outdoor product, such as lawn 
mowers, SPORTS for sporting goods, and SPECIALTY for 
specialty products) 11 The omitted reference category 
includes household products Finally, we include a time 
variable (YEARTREND) to capture possible trends of the 
1mpact of recalls on abnormal returns YEARTREND 1s the 
number of years between 1996 (the first year of our recall 
sample) and the year when the recall occurred Table 2 lists 
the variables and their description, and Table 3 provides 
descriptive statistics and the correlation matrix 

Table 4 presents the estimation results, which support 
our finding of the event study that proactive recall strategies 
are associated with more negative abnormal returns than 
passive strategies 12 First, the estimation shows that a 
product-recall strategy 1s an important influencer of abnor- 
mal stock returns Its impact 1s greater than any other firm 
or product characteristics in terms of t-statistics Second, 0 
1s significantly negative, indicating that proactive strategies 
have a more negative effect on firm financial value than 
passive strategies Third, among independent variables, 
HAZARD, YEARTREND, and OUTDOOR also signifi- 
cantly 1nfluence abnormal returns However, firm character- 
istics, such as REPUTATION, FIRMSIZE, and BRAND, do 
not have a significant шпрас! 


Mediation Test of Recall Strategies 


The cross-sectional analysis shows that firm characteristics, 
such as REPUTATION and FIRMSIZE, do not influence 
abnormal returns directly when we include the product- 





10For example, we do not categorize the Jordan Trunner cross- 
training shoe recalled by Nike as the family brand because its 
brand name does not carry the firm name Nike However, we cate- 
gorize the Nike Air Face Up basketball shoe as the family brand 
because ıt contains the firm name Nike 

11Jn coding the hazard level of each recall, we followed the 
CPSC guideline of categorizing hazard Class A hazard, Class B 
hazard, and Class C hazard The risk of death or grievous injury or 
illness ranges from likely or very likely for Class A hazard to not 
likely but possible for Class C hazard 

12We inspected the variance inflation factor for every regression 
reported in this article to ensure that there 15 no multicollinearity 


TABLE 2 
List of Variables in the Analysis 





Variable Meaning 


PROACT Whether the recall strategy is proactive (1) 
or not (0) 


REPUTATION The level of firm reputation 


FIRMSIZE Firm size as measured by the sales 
revenue (in billions of U S dollars) 

LIABILITY The level of current liability of the recalling 
firm (in billions of US dollars) 

BRAND Whether a recalled product used its 
company name in its brand name (1) or 
not (0) 

VOLUME The number of recalled product units sold 
(in millions) 

SELLTIME How long the recalled products have been 
sold in the market before the recall (in 
thousands of days) 

PRICE The (maximum) retail price of the recalled 
product (in thousands of U S dollars) 

HAZARD The level of product hazard risk (1 = high, 
2 = moderate, and 3 = low) 

CHILD Whether a recalled product is in the nontoy 


children's product category (1) or not (0) 
TOY Whether a recalled product is in the toy 
product category (1) or not (0) 


OUTDOOR Whether a recalled product is in the 
outdoor product category (1) or not (0) 

SPORTS Whether a recalled product is in the 
sports/recreation product category (1) or 
not (0) 

SPECIALTY Whether a recalled product is in the 


specialty product category (1) or not (0) 
YEARTREND Number of years between 1996 and the 
year of the recall 


recall strategy dummy A question, then, 1s whether these 
firm characteristics influence firms’ choice of product-recall 
strategies If we obtain significant effects of firm character- 
istics on strategy choice, ıt would indicate that recall strate- 
gies, as a signal to the stock market, mediate the effects of 
firm characteristics on abnormal returns (eg, Kenny, 
Kashy, and Bolger 1998, Song, Xie, and Dyer 2000) 

In addition to the empirical model (Equation 3), the 
mediation test requires an estimation of how the firm and 
product characteristics influence the probability that a 
proactive recall strategy 1s adopted In previous sections, we 
suggested that one reason investors react negatively to 
proactive recall strategies 15 that they infer from a proactive 
recall that the likely consequence of the product-harm crisis 
18 sufficiently severe and that the firm is reacting quickly to 
reduce potential financial losses Any delay ın the recall 
would create greater financial risk 1n terms of recall costs, 
litigation costs, and payments for penalties and damages 
Firm reputation 1s strongly correlated with product quality 
(Waddock and Graves 1997), and firms with a strong repu- 
tation are typically those that compare favorably with com- 
petitors on products and services (Fombrun and Shanley 
1990) Because of the perception of high quality, when 
high-reputation firms (e g , Toyota) are involved in product 
recalls, their recalls may be perceived as an occasional error 
or a temporary aberration Thus, reputation can be a useful 


asset for firms ın buffering the negative impact of recalls— 
that ıs, the impact of recalls 1s lower for a firm with a strong 
reputation (Ahluwalia, Burnkrant, and Unnava 2000, Dawar 
and Pillutla 2000, Siomkos and Kurzbard 1994) As a result, 
proactive strategies are less useful for high-reputation firms 
than for low-reputation firms, and high-reputation firms are 
less likely to engage 1n proactive recalls 

Similarly, we expect that FIRMSIZE 1s negatively cor- 
related with the use of proactive strategies and that BRAND 
and LIABILITY are positively correlated with it First, 
compared with small-size firms, large firms are less sensi- 
tive to potential losses because they have more resources 
and a greater financial cushion They are less likely to take 
preventive measures by initiating proactive recalls to reduce 
recall costs and lessen the risk of potential litigation and l1a- 
bility payments Second, products that use a family brand 
name are more subjected to negative brand-1mage spillover 
than products that use different brand names (е g, Aaker 
and Keller 1990, Sullivan 1990) If a firm using the com- 
pany name on a product that 1s a potential hazard does not 
act quickly to imitiate recalls, incidents due to the product 
hazard are more likely to occur, which can trigger greater 
public attention to and scrutiny of the firm's other products 
that share the same family brand name This may lead to 
recalls of other products and higher litigation and liability 
costs As a result, a firm with family branding 1s more likely 
to adopt a proactive recall strategy Finally, firms with a 
higher level of debt are more sensitive to potential financial 
losses, thus, they are more likely to initiate proactive recalls 
to reduce recall costs and the risk of litigation 

At the product level, the volume of the recalled product 
(VOLUME) may affect recall strategies From the perspec- 
tive of reducing financial losses, firms are less likely to ını- 
tiate a proactive recall when VOLUME 1s large because 
many product hazard investigations do not eventually result 
їп а recall Compared with a proactive strategy, which 
makes 1t unavoidable for the firm to pay the costs of recall- 
ing a large volume of products, delaying the potential recall 
might be financially worthwhile 1f a recall eventually does 
not need to be issued In contrast, 1f the volume of the 
recalled product 1s small, the direct recall cost 1s lower than 
the high costs that could result from litigation and damage 
payments 

We estimate the following probit model as part of the 
mediation test 


(4) Pr(PROACT,) = 7'7, ^e, 


Here, the vector 2, includes the intercept and variables X,, 
which are defined similarly to Equation 3, ш which y are 
the parameters to be estimated Equations 3 and 4 constitute 
two essential steps 1n mediation tests suggested by Kenny, 
Kashy, and Bolger (1998) 13 By inspecting the significance 


I3Some studies suggest a third step 1n the mediation test and run 
a regression of the abnormal returns on all control variables (e g , 
Baron and Kenny 1986) However, the mediation literature has 
shown that this step 1s not required because it excludes many 
inconsistent mediation cases in which opposing indirect effects 
may cancel out the direct effects (e g , Kenny, Kashy, and Bolger 
1998, MacKinnon, Krull, and Lockwood 2000) An alternative 
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TABLE 4 
Cross-Sectional Regression of the Abnormal 





Returns 
Independent 
Variable Parameter 
(Parameter) Estimates SE 
Intercept —1 534** 756 
PROACT (04) — 859** 337 
REPUTATION (02) 239 250 
FIRMSIZE (оз) 005 011 
LIABILITY (o4) – 007 009 
BRAND (as) — 004 327 
VOLUME (ов) — 237 275 
SELLTIME (a7) 091 138 
PRICE (08) — 011 033 
HAZARD (ag) 522** 257 
CHILD (040) 466 616 
TOY (044) – 031 526 
OUTDOOR (242) 777“ 389 
SPORTS(c43) — 298 436 
SPECIALTY (044) 904 869 
YEARTREND (045) 079" 043 
R2 16 
Sample size 153 
*p< 10 
**р< 05 


Notes To enhance the readability of the results, we note the depen- 
dent variable, abnormal returns, as a percentage in this 
analysis 


of the coefficients for the strategy dummy and the other 
explanatory variables 1n both equations, we can assess the 
mediation effects of recall strategies 

The probit results appear in Model 1 of Table 5 Consis- 
tent with our prior discussion, the effect of firm reputation 
(REPUTATION) 1s significantly negative, suggesting that 
high-reputation firms are less likely to adopt a proactive 
recall strategy than low-reputation firms Furthermore, the 
estimation shows negative parameter estimates for FIRM- 
SIZE and VOLUME and positive estimates for LIABILITY 
and BRAND However, while the estimate for VOLUME 1s 
highly significant, the others did not achieve the traditional 
level of significance 

More important, Table 4 and Table 5 (probit estimation) 
jointly show the mediation effects (1) The direct impact of 
proactive recall strategy on abnormal return 1s significant in 
Equation 3, and (2) firm characteristics that influence recall 
strategy choices in Equation 4, especially REPUTATION, 
do not affect abnormal returns 1n Equation 3 Based on the 
steps that Kenny, Kashy, and Bolger (1998) outline, these 
effects 1ndicate that product-recall strategies completely 
mediate the 1nfluences of firm characteristics on abnormal 
returns Therefore, the stock market consolidates the impact 
of various firm and product characteristics and reacts 
mainly to a firm’s recall strategy In other words, during a 
product recall, the financial market uses a firm’s strategic 


way to test mediation effects 1s to use structural equation models 
However, because of the categorical nature of proactive recall vari- 
able (which violates the normality assumption of structural equa- 
tion models), 1t 1s difficult to pursue this approach 


choice of a recall strategy as a signal to evaluate the poten- 
tial consequence of the crisis 


Heckman Two-Step Estimation 


In anticipation of the potential outcomes of different strate- 
gies, forward-looking firms may choose a particular strat- 
egy on the basis of из characteristics (е g , Shaver 1998) If 
firm characteristics are unobservable to the researcher but 
affect both market outcomes and firm strategy, the problem 
of self-selection bias may arise 1n the estimation of, 1n our 
context, the impact of recall strategies on stock returns 
(Greene 2000, Hamilton and Nickerson 2003, Shaver 
1998) 

The Heckman two-step estimation 1s an effective 
approach to check and correct for potential self-selection 
bias and endogeneity (Heckman 1979) This procedure has 
been extensively used in the management and economics 
literature (e g, Hamilton and Nickerson 2003, Shaver 
1998) In this section, we carry out the Heckman estimation 
to show that the cross-sectional analysis we reported 1s not 
subject to self-selection bias and that the finding about the 
negative impact of proactive strategies on abnormal returns 
1s robust after accounting for potential endogeneity 

The first stage of the Heckman process involves a probit 
model on the choice of product-recall strategies, as 1n the 
empirical model (Equation 4) The inverse Mills ratio A, 
which serves as the self-selection correction parameter in 
the Heckman model, 1s constructed using the probit esti- 
mates The second stage mcludes ordinary least squares 
(OLS) regressions of abnormal returns on the explanatory 
variables plus A for the proactive recall subsample and the 
passive recall subsample, separately 


(5) AR (PROACT = 1) = ВУ, + Ву А +, and 
(6) AR, (PROACT = 0) = By’W, +В + 6,0, 


where W, includes the intercept and the exogenous vari- 
ables that may influence abnormal returns and A, and А are 
inverse Mills ratios for each observation in the proactive 
subsample and the passive subsample We calculate them as 
follows 


Ay = O(y/ZV@(y'Z), and 
hy =-ф(ү'2)1- Ф(ү'27), 


where ф and Ф are the probability density function and 
cumulative distribution function of the standard normal dis- 
tribution For model identification purpose, at least one 
variable that affects strategic choice but does not directly 
affect abnormal returns must be included ın the probit stage 
but not the OLS stage (Hamilton and Nickerson 2003) 
Thus, we exclude SELLTIME and PRICE from the OLS 
estimation because there 1s no a priori reason to believe that 
they will significantly influence abnormal returns, which 1s 
also confirmed by the results in Table 4 Because the error 
terms in Equations 5 and 6 are subject to heteroskedasticity, 
we use consistent asymptotic standard errors to test the sig- 
nificance of the parameters 

The key to the Heckman estimation 1s that the signifi- 
cance of the inverse Mills ratio terms reflects the degree of 
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TABLE 5 
Firm Choice of Recall Strategy and the Heckman Two-Step Estimation 





Independent Variable 


Intercept – 682 

( 809) 
REPUTATION – 436 

( 262)* 
FIRMSIZE – 012 

(013) 
LIABILITY 011 

( 009) 
ВВАМО 176 

(351) 
VOLUME –5 067 

(1 868)** 

SELLTIME —1 257 

( 458)** 
PRICE — 013 

( 034) 
HAZARD 192 

( 253) 
CHILD 461 

( 559) 
TOY 1 060 

( 557)** 
OUTDOOR – 028 

( 429) 
SPORTS — 165 

(446) 
SPECIALTY 1 400 

( 970) 
YEARTREND 055 

(046) 


Correction for self-selection 
parameter (A) 


1 (Probit on Recall Strategy)? 


2 (OLS Regression of Abnormal Returns)b 


Proactive Recalls Passive Recalls 


—5 222 —1 095 
(3 131) ( 758) 
– 633 468 

( 602) (295) 
005 002 
(028) (013) 
010 – 008 
(018) (010) 
– 046 – 410 
(677) (361) 
– 488 – 131 
(5 949) (295) 
967 465 
(679) (277) 
2 096 ~ 765 
(1 003)** (837) 
– 370 114 
(1 029) ( 676) 
315 767 
(832) (371)* 
– 433 – 427 
(1014) (461) 
2 636 — 081 
(1 467)* (1 185) 
097 061 
( 097) ( 049) 
1194 196 
(1 540) (645) 
38 14 
38 115 





Log-likelihood —60 39 
R2 

Sample sıze 153 
*p< 10 

*p< 05 


aFirst-stage probit model parameter estimates with standard errors of estimates are in parentheses 
bSecond-stage OLS parameter estimates with consistent asymptotic standard errors of estimates are in parentheses 
Notes To enhance the readability of the results, we note the dependent variable, abnormal returns, as a percentage in this analysis 


self-selection bias If By; = 0 and Рао = 0, self-selection bias 
15 not a concern for the cross-sectional regression of abnor- 
mal returns reported in Table 4 As Model 2 in Table 5 
shows, this 1s indeed the case The coefficients of the self- 
selection bias parameters Вз; and [55 are not significantly 
different from zero for the proactive subsample and the pas- 
sive subsample Therefore, the cross-sectional model 
(Equation 3) yields an unbiased estimate of the effect of 
product-recall strategies (1 е, proactive recalls have a sig- 
nificantly negative impact on firm value) In addition, the 
firm and product characteristic variables REPUTATION 
and VOLUME, respectively, lose significance in the 
second-stage OLS regressions of abnormal returns 
Together with the significance of product-recall strategies 1n 
the cross-sectional model (Equation 3), the Heckman 
results further demonstrate that product-recall strategies are 
key influencers of abnormal stock returns, regardless of 
firm and product characteristics 
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General Discussion 


A key finding 1n this research 1s that the use of a proactive 
product-recall strategy, which firms can use to elicit posi- 
tive responses from consumers, actually hurts a firm's 
financial value more than a passive recall strategy We also 
find that less reputable firms are more likely to use proac- 
tive recall strategies These results suggest that 1n choosing 
proactive versus passive strategies, firms are primarily con- 
cerned with minimizing potential financial losses associated 
with the recall In essence, the stock market and investors 
use recall strategies as a proxy or signal to estimate the 
financial 1mpact of recalls They interpret proactive strate- 
gies as a signal of severe product hazard and substantial 
financial losses to the firm This explains our result that 
proactive recalls are more negatively related to a firm's 
value than passive recalls 


Implications 


Our findings have direct managerial and public policy 
implications A growing body of literature has argued that 
there 1s a positive link between firms’ socially responsible 
strategies and their financial market performance (Margolis, 
Elfenbein, and Walsh 2007) Our results suggest that at least 
in the context of product-harm crises, when firms 1mple- 
ment proactive strategies to reduce the impact of a crisis 
and maintain long-term viability, they need to be aware of 
alternative interpretations of their behavior by consumers 
and investors Their views might differ, but both are ипрог- 
tant facets of crisis management In terms of financial 
value, the stock market’s pessimistic views of a proactive 
strategy could actually hurt firm value As a result, when a 
firm proactively recalls a product, it needs to communicate 
effectively to the stakeholders about the rationale for its 
actions so that the stock market will not simply interpret the 
situation as just another case of severe product hazard and 
significant financial losses 

Although the study shows a surprising negative effect of 
proactive recall strategies, 1t suggests the effect of firm rep- 
utation in reducing the need for a proactive approach (1e, 
firms with a high reputation are less likely to adopt proac- 
tive strategies), thus buffering the negative impact on firm 
value In this sense, our study provides support for the 
extant studies that, mostly from consumer perspectives, 
have found a positive role of firm reputation 1n product- 
harm crises (e g , Ahluwalia, Burnkrant, and Unnava 2000, 
Dawar and Pillutla 2000, Siomkos and Kurzbard 1994) 

From a public policy perspective, 1t has long been 
argued that the stock market has the governance role of 
monitoring and disciplining corporate behavior (Samuel 
1996) The socially responsible investing trend has added 
more weight to the significance of this role However, our 
findings indicate that during a product-harm crisis, the 
stock market does not seem to reward seemingly socially 
responsible behavior As we discuss, information asymme- 
try between the firm and investors can be an important rea- 
son behind such failure When the market itself cannot 
resolve the issue of information asymmetry, appropriate 
regulatory measures should be taken to aid communication 
and information exchange, thus increasing market effi- 
ciency and social welfare 


Although the marketing discipline has begun to exam- 
ine the linkage between corporate social responsibility and 
firms’ financial performance (Luo and Bhattacharya 2006), 
the findings from the literature have been relatively incon- 
sistent, particularly among studies that use market-based 
measures, such as stock returns (Orlitzky, Schmidt, and 
Rynes 2003) Our results suggest that such inconsistency 
could have occurred because a “responsible” corporate pol- 
icy can be interpreted 1n different ways by different stake- 
holders Further research on corporate social responsibility 
may need to consider why firms adopt such policies and 
how the market might interpret them 


Directions for Further Research 


This study could be a harbinger of several new issues that 
link marketing strategies to firm performance For example, 
drawing on the previous literature, we classified product- 
harm crisis management strategies along the proactive- 
versus-passive dimension Because of the greater frequency 
of product recalls in recent years, firms need clear guidance 
on the available strategies and the effectiveness of these 
strategies under different market and product conditions 
Thus, a comprehensive study of recall strategies could offer 
a useful typology and assessment of their effectiveness 

In this article, we mainly focused on the impact of 
product-recall strategies on firm value when the recall 15 
announced Because event studies are often limited in 
detecting long-term stock market effects, alternative meth- 
ods that complement event studies will be useful in examin- 
ing possible long-term effects (e g , Mitchell and Stafford 
2000) It would also be worthwhile to examine whether the 
benefits of proactive strategies from the consumer perspec- 
tive (through increased consumer confidence and brand loy- 
alty) could benefit firm value in the long run 

Finally, it would be useful to examine the role of news 
media in a recall event Certain types of product recalls, 
such as those for toys, might garner greater attention or bias 
from the media For similar reasons, 1t would be worthwhile 
to examine potential differences 1n recalls and stock market 
reactions across industries and government agencies (eg, 
the CPSC, the Food and Drug Administration) 
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Regulatory Exposure of Deceptive 
Marketing and Its Impact on Firm 
Value 


Research linking marketing to financial performance has predominantly focused on how marketing assets and 
actions add value The authors argue that it is equally important to understand how marketing decisions can reduce 
firm value Prior research has indicated that negative events vary greatly in their indirect costs to the firm On the 
basis of established theory and in-depth interviews with practitioners, the authors identify a set of factors that can 
explain the heterogeneity in the magnitude of indirect costs associated with negative marketing-related events 
Specifically, they address how the regulatory exposure of deceptive marketing, which carries no direct cost to the 
firm, affects shareholder value Using an event study, the analysis shows that incidents of exposed deceptive 
marketing are associated with significant, negative abnormal returns amounting to a drop of 1%, which translates 
into a wealth loss of $86 million for the median-sized firm in the sample In explaining the variation in magnitude of 
the impact between events, the authors find that, in general, event characteristics are more significant than firm and 
brand characteristics When deception is highly egregious or directed at vulnerable populations, firm value is more 
negatively affected than when the potential to mislead and harm is not readily verifiable Furthermore, when the 
cited product has substantial brand market share, the levels of egregiousness and target audience explain 
substantially more of the variation in event impact than when brand market share is low The results are robust to 
alternative stock-portfolio-based measures of abnormal returns, model specification, heteroskedasticity, and 
examination of risk The authors' framework and analysis have implications for Wall Street executives, Main Street 


managers, academic researchers, and public policy makers 
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Fahey (1998) outline and subsequent criticism from 

Rust and colleagues (2004), a growing number of 
empirical studies have examined the marketing—finance 
interface Studies have explored the financial market 1mpact 
of brand asset perceptions (Mizik and Jacobson 2008), 
product quality (e g, Tellis and Johnson 2007), corporate 
reputation (Roberts and Dowling 2002), and product 1nno- 
vation (Srinivasan et al 2009) Researchers ın this area have 
focused predominantly on how marketing assets and actions 
add to financial performance and shareholder value We 
posit, however, that 1t 1s equally important to understand 
how marketing decisions can reduce firm value It 1s well 
established that negative information and events often have 
greater salience than positive ones (eg, Lei, Dawar, and 
Lemmik 2008, Mahajan, Muller, and Kerin 1984, Van 
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Heerde, Helsen, and Dekimpe 2007), and we contend that 
understanding this effect requires the consideration of a dif- 
ferent set of factors than those considered in value-building 
studies 

Researchers have found that negative events, such as 
product recalls (Davidson and Worrell 1992) and drug with- 
drawals (Ahmed, Gardella, and Nanda 2002), can influence 
stock market value However, little is understood regarding 
the indirect costs associated with such negative events 
Jarrell and Peltzman (1985) and Karpoff, Lee, and Martin 
(2008), among others, find that the financial umpact of 
negative events can be far greater than the direct costs (e g , 
fines, restocking fees) associated with the event In addı- 
tion, the indirect costs associated with the event can vary 
greatly between events Researchers have been unable to 
determine which factors account for the variation 1n indirect 
costs Understanding these costs 1s critical, because indirect 
costs of negative events can amount to a significant propor- 
tion of a firm's market valuation. Furthermore, many nega- 
tive marketing-related events, such as when a firm 15 
exposed for using deceptive marketing, have no 1mmediate 
impact on cash flows but garner a quick investor response 
Investors adjust their valuation of a stock on the basis of 
expected cash flows to the firm (Srivastava, Shervan, and 
Fahey 1998) Thus article examines which indirect costs of 
negative events prompt investors to change their cash flow 
expectations for the firm 

In particular, the subject of our analysis 15 investors’ 
reactions to the exposure of deceptive marketing Deceptive 
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marketing has received surprisingly little consideration 
from academic researchers, despite the frequency of its use 
and the intensity of attention it receives from regulatory 
agencies and the popular press (Darke, Ashworth, and 
Ritchie 2008) Behavioral studies have found that deception 
engenders distrust (Darke and Ritchie 2007) and leads 
to avoidance of the perpetrator (Wang, Galinsky, and 
Murnighan 2009) However, the effect of deception on firm 
valuation has not been measured This 1s important because 
maximizing shareholder value 1s a principal concern of pub- 
lic firms (Srivastava, Shervam, and Fahey 1998), and under- 
stating the value impact of such actions would inform man- 
agers of the potential downsides of such actions 

Prior studies regarding value-reducing events have con- 
centrated on firm and environmental characteristics and 
have not explained a significant proportion of the variation 
in indirect costs between events We take a different 
approach by considering the characteristics of the events 
Indeed, 1n research examining value-creating activities, 11 1s 
not uncommon for researchers to consider characteristics of 
the action when explaining the magnitude of change in 
market capitalization (e g , Tellis and Johnson 2007) In the 
context of deceptive marketing, the event characteristics 
that vary between occurrences are the type of violation, the 
severity of deceptive information, the target audience, and 
the marketing communication medium 

In developing a theoretical framework for understand- 
ing the impact of these factors, we rely on established 
theory and in-depth interviews with market analysts from 
the pharmaceutical industry, which serves as the context of 
our study Our theory begins with the expectation that, fol- 
lowing the exposure of deceptive marketing, subsequent 
trading will quickly change the market capitalization of the 
firm to reflect the change in expected cash flows to the firm 
as a result of the event (Srinivasan and Hanssens 2009) 
Investors consider how public awareness of a firm's decep- 
tive activity will lower cash flows through increasing costs 
and decreasing revenues As one market analyst explained, 
“When we find out about safety issues, we immediately 
(within 3—24 hours) 1ssue a research report and reduce our 
revenue forecast from X to X minus something " This esti- 
mate 1s based on how the event will alter the behavior of 
relevant stakeholders (e g , physicians, past and present cus- 
tomers, competitors, state and federal governments, and 
shareholders) and the resultant implications for the firm's 
future cash flow 

To measure the aggregate financial impact of such 
events, we used an event study to calculate abnormal stock 
market returns, which, according to the efficient-market 
hypotheses, provides an unbiased estimate of changes to 
future cash flow that can be attributed to a single event 
(Fama 1970) Our analysis shows that, overall, 1ncidents of 
exposed deceptive marketing are associated with signifi- 
cant, negative abnormal returns ! In the second part of our 
analysis, we explore the factors that explain the variation in 





1The focus of the study 1s on heterogeneity in the financial mar- 
ket impact of regulatory exposure of deceptive marketing We do 
not assess the overall 1mpact of deceptive marketing (1 e , from its 
1nitiation to the exposure period) 
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abnormal returns between events We find that event charac- 
teristics are critical ın understanding the heterogeneity of 
the financial market reaction and the resultant shareholder 
impact Activities with high aggregate stakeholder costs 
(е g , promotions directed at consumers, highly egregious, 
unsubstantiated effectiveness claims) are associated with 
negative abnormal returns, while deceptive activities with 
lower total costs—namely, unsubstantiated superiority 
claims and direct-to-consumer (DTC) print advertising— 
are not We also find moderating effects for brand market 
share and advertising spending that are consistent with our 
theory of stakeholder cost Our framework and analysis 
have implications for Wall Street executives, Main Street 
managers, academic researchers, and public policy makers 


Conceptual Background 


Deceptive Marketing in the Pharmaceutical 
Industry 

Several factors make the pharmaceutical industry especially 
conducive and relevant to marketing research An absence 
of blockbuster drugs has shifted the focus of the industry 
from research to marketing (Angell 2004) The drug 1ndus- 
try association, the Pharmaceutical Research and Manufac- 
turers of America (PhRMA), states that spending on 
research and development still outpaces promotional spend- 
ing (Egan 2004) However, critics, including academic 
researchers and members of Congress, contend that stan- 
dard measures of promotion, such as IMS Health data, 
exclude significant costs and rely on surveys of the pharma- 
ceutical firms themselves, which have incentives to under- 
estimate marketing spending (Gagnon and Lexchin 2008) 
Some researchers estimate that pharmaceutical firms spend 
significantly more on marketing promotions than on 
research and development (Angell 2004) However, even 
the conservative, self-reported measures show that pharma- 
ceutical promotion totaled $29 9 billion in 2005 and has 
increased at an average annual rate of 106% since 1996 
(Donohue, Cevasco, and Rosenthal 2007) Since the Food 
and Drug Administration (FDA) loosened regulations gov- 
ernng DTC marketing 1n. 1997, pharmaceuticals have 
1ncreased DTC expenditures at an average annual change of 
143% For example, Merck's DTC promotional spending 
on Vioxx 1n 2000 exceeded even that which Budweiser and 
Pepsi spent (Macilwain 2005) 

Instances of deceptive marketing continue among drug 
companies, even though the pharmaceutical industry 
arguably has the strongest guidelines on marketing prac- 
tices of any industry The FDA's Division of Drug Market- 
ing and Communications (DDMAC) regulates pharmaceuti- 
cal marketing Firms that are found to mislead consumers or 
physicians in their drug promotions are 1ssued letters that 
cite firms for one or more of three major violations (1) 
unsubstantiated effectiveness claims, (2) omission of risk 
information, and (3) unsubstantiated superionty claims 
Table 1 and the Appendix provide technical definitions and 
measures of egregiousness related to the violations, 
respectively 

The FDA makes the citation letters publicly available on 
its Web site The letters frequently receive abundant atten- 


TABLE 1 
Definitions and Examples of Promotional Violations Cited by the FDA 





Violation Definition 


Example 





(a) Representation of a drug as 

more effective than substantial 

evidence or clinical experience 

has demonstrated 

(b) Representation of a drug as 
useful in a broader range of 
patients or conditions than 

substantial evidence or clinical 

experience has demonstrated 


Unsubstantiated 
effectiveness 
claims 


Omitted risk 
information 


(a) Failure to reveal facts 
material to consequences that 
may result from proper use of 

the drug 
(b) Failure to present information 
on side effects and 
contraindications of a drug with 
a prominence and readability 
reasonably comparable to the 
presentation of effectiveness 
information 


Unsubstantiated 
superiority claims 


Representation of a drug as 
more effective or safer than 
another drug when substantial 
evidence or clinical experience 
has not established such 


“You present the claim, ‘It’s not just for end stage cancer 
anymore! This claim suggests that Duragesic can be used for 
any type of pain management [This claim] is contradictory to 
the boxed warning in the package insert (Pl) Specifically the Pl 
states, 'Because serious or life-threatening hypoventilation could 
occur, Duragesic is contraindicated in the management of acute 
or post-operative pain’ Therefore, [this claim] is misleading" (FDA 
2000) 


"We are concerned about the section of your ad entitled, "The 
FDA has confidence in the safety and efficacy of Crestor, in that 
it misleading suggests that the Agency does not believe that 
Crestor poses safety concerns There is, however, no statement 
on the website by FDA concluding that ‘the concerns [about 
Crestor] that have been raised have no medical or scientific 
basis’ In fact, recent public statements made by the Agency 
contradict that conclusion" (FDA 2004) 


“The [cited] ad features a picture of two people seated on an 
airplane A man is sneezing and the text next to his picture 
states 'In the right seat On the wrong allergy medicine" The 
woman in the seat next to him, who is not sneezing, is looking at 
him The text next to her picture states 'On top of things On 
Zyrtec' The prominent callout headline below the picture states 
‘Tired of your allergy medicine not working? Good thing there's 
Zyrtec' The overwhelming message from the text and the visuals 
of these ads is the comparative claim that Zyrtec is more effective 
in treating allergies in general, or certain types of allergies, than 
some other allergy products [The] FDA is not aware of 
substantial evidence or substantial clinical experience 
demonstrating that Zyrtec is clinically superior to any other 
available [over-the-counter] and prescription oral allergy 
medicine" (FDA 2005) 





Notes Definitions paraphrased from the Federal Food, Drug, and Cosmetic Act of 1939 (21 USC 55 352[a] and 352[n]) 


tion from the media, including high-circulation newspapers 
such as the Wall Street Journal and the Los Angeles Times 
(Darke, Ashworth, and Ritchie 2008) In addition, the cited 
violations have received attention from many popular 
consumer-interest groups, such as the Consumers Union 
and the US Public Interest Research Group As a result of 
the negative publicity, many stakeholders (e g , physicians, 
market analysts) are aware of these violations (Darke, Ash- 
worth, and Ritchie 2008, Tyebjee 1982) We discuss the sig- 
nificance of this public awareness to 1nvestors (and, thus, to 
firms) 1n the following section 


Theoretical Framework 


Previous research on the reduction of firm value has 
involved events with large direct costs to the firm In the 
business, psychology, and economics literature, researchers 
have examined the overall financial impact of events, such 
as financial misrepresentation (Karpoff, Lee, and Martin 
2008) and restatement announcements (Palmrose, Richard- 
son, and Scholz 2004) The empirical research indicates that 
a sizable gap usually exists between estimates of direct 


costs and the magnitude of the capital losses due to recalls 
Jarrell and Peltzman (1985) attribute such losses to a gen- 
eral and unspecified decline 1n goodwill surrounding the 
firm For citations of deceptive marketing, the event carries 
no direct costs, such as fines or corrective advertising 
requirements Therefore, to begin a comprehensive analysis 
of the impact of deceptive marketing on stock returns, we 
examine what makes up the previously undefined loss of 
goodwill 

According to in-depth interviews of market analysts, the 
citations do change earnings estimates 2 The citations are 
described as “stirring up a lot of anxiety” because of the 
new information they provide, and an immediate change 1n 
revenue and cost forecasts may follow them As one analyst 
explained, “We continuously track the FDA warnings and 
continuously update the 1mpact of the warnings on the firm 


2We conducted in-depth interviews with six senior financial 
analysts, four of whom worked with large Wall Street firms and 
two of whom worked with boutique firms In addition, we con- 
ducted in-depth interviews with two senior pharmaceutical firm 
executives Each interview lasted between 25 and 40 minutes 
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itself and on competitors This 15 reflected in our quarterly 
reports” To add support to this argument, we conducted 
some exploratory analysis of analysts’ reactions to FDA 
citation letters Using the Institutional Brokers’ Estimate 
System (I/B/E/S) database, we examined whether analysts 
changed their earnings estimates within five days of the 
posting of the FDA letter The average percentage reduction 
in forecasted earnings was significantly different from the 
average increase 1n forecasted earnings (p < 05) Although 
the finding 1s not conclusive, 1t provides further preliminary 
evidence that financial analysts react to the FDA letters 

With any marketing action, how the action will increase 
or decrease cash flows influences investors’ outlook (Srini- 
vasan et al 2009) In the case of citations for deceptive mar- 
keting, investors’ estimates of subsequent increased costs 
(through greater legal liability and lower marketing elastic- 
ity) and decreased revenue (through fewer prescriptions and 
sales) may affect a firm's valuation? Relying on the 
assumption of market efficiency, we posit that such unantic- 
ipated changes to a firm's future cash flows are reflected 1n 
abnormal] stock market returns (Fama 1970) 

Prior theory and interviews with market analysts indi- 
cate that the impact of the characteristics varies according 
to the severity or egregiousness of the act In the marketing 
literature, the degree of deception involved and the critical- 
ness of the information concealed determine an action’s 
egregiousness (Klein, Smith, and John 2004) In their study 
of consumer response to negative publicity, Ahluwalia, 
Burnkrant, and Unnava (2000) explain that their analysis 
is limited in that it does not consider extreme or life- 
threatening consequences They call attention to research 
indicating that, in general, more severe consequences аге 
weighted more heavily ш the evaluation of information 
(Fich and Shivdasani 2007, Fiske 1980) 

The FDA citations distinguish three major types of vio- 
lations (1) the omission of risk information, (2) unsubstan- 
tiated effectiveness claims, and (3) unsubstantiated supen- 
ority claims The letters also contain information on the 
audience and type of media used For each characteristic of 
the deceptive act, we identify the cost and revenue implica- 
tions that analysts and investors consider when calculating 
changes to future cash flows 


Hypotheses 


Omissions of Risk Information 

For violations involving omissions of risk information, the 
perceived egregiousness of the act 1s quite different when 
the false information concerns the possibility of nausea than 
when it relates to the drug’s possibly fatal side effects 
When severe risk information 1s omitted, stakeholders may 
assume that the level of risk does not outweigh the benefits 
of the drug In other words, consumers may suffer fatal or 
life-altering side effects as a result of a treatment they 
would not have pursued had they been aware of the true 
risks The case of Merck’s arthritis drug Vioxx 1s among the 
most prominent examples of the egregious omission of risk 


3Marketing elasticity refers to the percentage change ın sales 


with respect to the percentage change in spending on marketing 
activities 
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information The FDA sent Merck multiple letters regarding 
the omission of life-threatening cardiovascular risks in its 
Vioxx promotions Although many safer treatments to 
arthritis existed, thousands of consumers took a potentially 
dangerous drug under questionable pretenses (Topol 2004) 
This 1s not surprising, as experimental research has shown 
that pharmaceutical marketing leads to a boomerang effect 
(ie, 1t undermines patients’ intentions to engage ın health- 
protective behavior [Bolton et al 2008]) The outrage fol- 
lowing the exposure of Merck's omission of risk 1nforma- 
tion spurred a multitude of class action lawsuits and 
hundreds of articles calling for a review of pharmaceutical 
marketing 

Highly egregious acts affect several groups of stake- 
holders The aggregate impact of these groups’ changes in 
behavior 1s figured into calculations of the financial impact 
of the event 


Physicians When a promotion omits risk information, 
physicians must worry about protecting themselves against 
malpractice suits as well as suboptimal patient treatment 
According to the learned intermediary rule, physicians are 
responsible for warning patients of the dangers associated 
with the drug, regardless of the mformation conveyed in 
DTC advertising (Hill 2005) Therefore, when the decep- 
tion involves highly egregious omissions of risk informa- 
tion, the potential for patient harm 18 greater, and more 
physicians will seek alternative treatments to minimize their 
own liability Fewer prescriptions will decrease the firm's 
expected revenue from sales of the drug 

In addition to impairing future revenues, exposure of 
deceptive marketing that 1nvolves severe risk consequences 
will negatively affect the response or returns to the market- 
ing actions (1e , marketing elasticity) of the firms Highly 
egregious violations command the attention of physicians 
because of the potential risk of malpractice suits, and 
deception engenders distrust (Darke and Ritchie 2007) 
Physicians will be less receptive to future attempts at per- 
suasion when they distrust the firm (Ortmann and Hertwig 
2002) Cited pharmaceuticals will subsequently have lower 
returns on their marketing efforts In addition to the diffi- 
culty regarding promotional efforts, physicians will be more 
wary of information originating from the firm and will tend 
to distrust the clinical trials that the offending firm con- 
ducts As a result, firms will need to spend more on market- 
ing activities to achieve the same returns as they did before 
the event In summary, subsequent to the exposure of 
deceptive marketing, costs to physicians will induce behav- 
тог that adversely affects a firm's future cash flow by both 
decreasing revenue and increasing future marketing and 
sales costs 


Past consumers Consumers whom the cited pharma- 
ceutical firm misled can take legal action against the firm 1f 
the omitted risk information led to severe harm If the con- 
sequences to consumers of using the firm’s product are min- 
та], most consumers will not be able to make а strong 
legal case Omissions of risk information judged to be at the 
lowest levels of egregiousness involve a lack of fair balance 
The FDA does not give a clear definition of fair balance, as 
a result, such claims are difficult to prove in court How- 
ever, 1f the total physical or financial harm that the decep- 


tion causes 1s high, the potential litigation from misleading 
consumers could translate into enormous financial burdens 
for the firm According to one analyst, “Any time it could be 
a safety issue 1t 15 a problem Litigation based on safety 
concerns seems to hit traction with juries " Misleading mar- 
keting practices have previously resulted in multimillion- 
dollar fines and class action lawsuit settlements In 2008, as 
a result of concealing information about fatal side effects 
associated with its arthritis drug Vioxx, Merck was ordered 
to pay claimants $4 85 billion, the largest settlement їп 
pharmaceutical history 


Potential customers Patients are no longer limited in 
their power to choose not to refill a prescription, but they 
can also control the brands they are prescribed As the 
American College of Physicians has articulated, “the cur- 
rent wave of [DTC] advertising 1s putting patients 1n the 
diagnostic driver’s seat” (Maguire 1999) As a result, con- 
sumers can reduce firm revenues by changing their physi- 
cians’ prescribing behavior and their own purchasing pat- 
terns When a cited marketing action for a drug 1nvolves 
highly egregious omitted risk information, potential cus- 
tomers will seek alternative treatments out of fear for their 
health Although the benefit-to-risk ratio may still objec- 
tively be favorable, consumers tend to overweigh negative 
information, especially when they mustrust the firm 
(Sorescu and Gelb 2000) Therefore, citations for bighly 
egregious acts of deception will impair drug revenues 

Furthermore, as with physicians, consumers will be less 
receptive to future attempts at persuasion after the exposure 
of deceptive marketing Consistent with this expectation, a 
recent case study using a value-at-risk approach of a 
product-harm crisis (salmonella poisoning of peanut butter) 
found that 1t led to quadruple Jeopardy of a loss of baseline 
sales, reduced own price, increased cross-price elasticities, 
and reduced marketing instrument effectiveness (Van 
Heerde, Helsen, and Dekimpe 2007) Thus, the cited firms 
will need to engage 1n more costly marketing activities to 
achieve the same returns as those before the violation 

Competitors. Any statement that makes a drug appear to 
be better than 1t 1s or better than 1ts substitutes may draw 
sales from its direct competitors Under the Lanham Act, 
firms can sue competitors for deceptive advertising. How- 
ever, the plaintiff must be able to prove that the claims are 
false and that the information deceived consumers Accord- 
ing to the courts, implied falsity, which ıs analogous to a 
lack of fair balance or low egregiousness, must be proved 
by means of a consumer survey, which often 1s not a viable 
option (Manning and McKenna 2002) Therefore, an out- 
nght omission of risk information with clear and egregious 
consequences 1s easier to prove and more likely to be taken 
to court The Lanham Act allows monetary damages to be 
recovered from the misleading firm and, thus, to negatively 
affect its future cash flows 

Government State and federal agencies heavily penal- 
ize firms to fund consumer-protection education programs 
and to cover the increasing costs of treating harmed 
consumers 

In summary, after an FDA citation, highly egregious 
omissions of risk information translate into reduced esti- 
mates of cash flows because of decreasing future sales and 


increasing marketing costs and legal lability In accordance 
with the efficient-market hypothesis, a decrease 1n estimates 
of future cash flows 1s reflected 1n negative abnormal stock 
returns (Brown and Warner 1985) Therefore, we hypothe- 
size the following 


H, The egregiousness of the omitted risk 1nformation cited 1s 
negatively associated with abnormal stock returns 


Unsubstantiated Effectiveness Claims 


Similar to omitted risk information, highly egregious 
unsubstantiated effectiveness claims can lead to suboptimal 
prescribing decisions, as consumers may take on high levels 
of risk for little benefit or for less benefit than they would 
gain from an alternative treatment The potentially negative 
word of mouth from disappointed patients in the current 
environment of blogs and online forums 1s likely to be sig- 
nificant The subsequent negative stock market reaction in 
the airline industry illustrates the impact of negative voice 
(Luo 2007) Because patients are likely to be more involved 
with pharmaceutical products than airlines, negative voice 
should lead to a significant reduction in future cash streams 
for firms that the FDA has cited for unsubstantiated efficacy 
claims Investors are also concerned with the reaction of 
physicians As one market analyst explained “When there 
are marketing malpractices in the area of use of the drug 
that 1s for a particular indication, and if the ads suggest that 
it could be for other indications, physicians will definitely 
react” In the case of Schering-Plough and Merck (the joint 
venture partners that make Муогопп and Zetia), prescrip- 
tions fell dramatically, and shares plunged 46% and 35%, 
respectively, following the exposure of their unsupported 
claims (Rubenstein and Winslow 2008) 

In addition, unsubstantiated effectiveness claims leave 
firms vulnerable to legal action by government agencies 
seeking reimbursement for unnecessary or ineffective medi- 
cations for which programs such as Medicaid have paid 
Following false statements regarding the effectiveness of 
Synthroid, Knoll Pharmaceuticals (purchased by Abbot ın 
2000) signed а $418 million settlement (Department of 
Justice 1999) More recently, Pfizer agreed to pay $430 mil- 
lion to federal and state agencies for off-label marketing 
tactics (Harris 2004) Given the totality of the impact of 
egregious unsubstantiated effectiveness claims on cash 
flow, we hypothesize the following 


Н, The egregiousness of the unsubstantiated effectiveness 
claims or the broadening of indications cited 1s negatively 
associated with abnormal stock returns 


Unsubstantiated Superiority Claims 


Unsubstantiated superiority claims are unproven claims 
about the inferiority or unpopularity of competing drugs 
Because 1t 1s usually prohibitively costly and complicated 
for firms or regulatory agencies to conduct comparative 
brand studies, stakeholders are unable to assess whether 
such violations actually lead to harm or suboptimal pre- 
scribing decisions (Gottlieb 2007) Thus, we argue that vio- 
lations of unsubstantiated superiority claims are unlikely to 
lead to litigation or changes in prescribing behavior The 
exposure of this type of deception may still lead to a reduc- 
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tion in marketing elasticity However, the lack of severity of 
the violation 1s not likely to draw enough attention to sig- 
nificantly alter behavior and cash flows Therefore, we 
hypothesize the following 


H; Unsubstantiated superiority claims are associated with 
abnormal stock returns The direction of the effect 1s an 
empirical issue 


Target Audience 


Another factor of the FDA violations, the intended audience 
of the advertisement, also affects the costs stemming from 
the event Whether the campaign 1s directed at consumers or 
at health-care professionals шп џепсев the probability that 
the act will cause harm (1e , the egregiousness of the act) 
Because health-care professionals are better able than con- 
sumers to detect deceptive claims and avoid being misled 
by vague language, DTC advertising 1s more likely to result 
in deception (Mizik and Jacobson 2004) 

Although physicians make the ultimate prescription 
decision, patients increasingly pressure their physicians to 
prescribe specific drugs (Arkin 2003, Menon et al 2004), 
physicians have strong financial incentives to respond to 
their requests and not risk losing them as patients (Gonul, 
Carter, and Wind 2000) The published physician surveys 
and secondary data studies offer inconclusive evidence 
about the extent of patient influence on prescribing, but 
experimental evidence has shown that patients have a pow- 
erful effect on physicians’ prescribing practices (Gellad and 
Lyles 2007) In an experiment conducted by Kravitz and 
colleagues (2005), stealth patients who made unannounced 
visits to physicians were prescribed drugs far more often 
when they requested them, even when the indications were 
questionable Therefore, because DTC violations may mis- 
lead more people involved ın the prescription choice deci- 
sion, more total harm will result from violations and, as a 
result, increase the possibility of future legal actions against 
the firm 

In a few jurisdictions, courts have begun to expand the 
liability of drug manufacturers with respect to ЮТС adver- 
tising On the basis of state consumer-protection statutes, 
some courts have agreed that DTC advertising empowers 
consumers and nullifies the protection afforded to drug 
manufacturers by the learned intermediary doctrine (Gra- 
ham and Vest 2005) The penalties under state consumer- 
protection statutes are substantially higher than the common 
law claims to which they were subject previously The costs 
to the manufacturer from state consumer-protection statutes 
lead us to hypothesize the following 


H, Citations for DTC marketing are more negatively associ- 
ated with abnormal stock returns than citations for direct- 
to-physician marketing 


Media Type 


Previous research has specified that types of media can 
influence the effectiveness of advertising and moral judg- 
ments (Morris et al 1986) Although we do not provide а 
directional hypothesis for print, we expect that the use of 
television 1s negatively associated with abnormal stock 
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returns The difference 1n effect can be attributed to the abil- 
ity of advertisements in such media channels to mislead 
consumers, the number of consumers exposed to the mes- 
sage, and the vulnerability of those exposed 

Researchers have found that consumers are more likely 
to miscomprehend televised drug advertisements than 
advertisements from other media sources (Morris et al 
1986) The finding may be a result of the different FDA 
guidelines for broadcast drug advertising The rules for 
broadcast media advertising are appreciably more lenient 
than those for other forms of communications and enable 
firms to simplify ther messages (Coleman, Hartley, and 
Kennamer 2006) Often, benefits are put 1n lay terms or are 
portrayed visually, while competing sounds and visuals are 
displayed during the disclosure of risk information These 
factors have been shown to 1ncrease brand recall and posi- 
tive associations (Callcott and Phillips 1996) In addition, 
some critics argue that emotional appeals, which are more 
frequently used in television than 1n print, target the popula- 
tions most vulnerable to persuasion (Macias, Pashupati, and 
Lewis 2007) 

Because televised advertisements are likely to mislead 
viewers and thus lead to suboptimal health care, the firm 
has a greater chance of being the target of costly class 
action and government lawsuits Therefore, we expect that 
shareholders will pull out of their positions 1n the cited firm 
and that abnormal returns will follow 


Н; Citations for television communications are negatively 
associated with abnormal stock returns 


Print advertising covers a broad range of communica- 
tions, including brochures, magazine spreads, and trade- 
show displays The FDA requires print communications to 
include a brief summary of all risk and side effects, 1n con- 
trast to only the major risks required of broadcast advertise- 
ments We do not argue a directional hypothesis for print 
communications, as competing arguments exist about the 
persuasiveness of this medium 

In general, print 1s considered more informative and 
credible than other forms of advertising (e g, Mactas, 
Pashupati, and Lewis 2007) Moreover, print media has 
been found to have a stronger transformative impact than 
television on affect and product attitudes (Bronner and Nei- 
jens 2006) Accordingly, it could be argued that misleading 
information 1n print advertisements 1s likely to be believed 
and lead to suboptimal patient care or harm As a result, 
stakeholders will change their behavior ın ways that will 
reduce future cash flows (e g , filing law suits, prescribing 
the drug less often) 

However, the technical language of such advertisements 
may make them ineffective Sheehan (2007) finds that most 
Americans are unable to understand the risk and benefit lan- 
guage of print advertisements for drugs, and frustrated con- 
sumers 1gnore the 1nformation 1n such advertisements alto- 
gether As for physicians, the print medium enables them to 
process the information at an optimal pace According to 
Darley and Smith (1993), print reduces agreement with 
noncredible messages because an expert audience can con- 
sider the difficult points and elaborate at will If print adver- 
tising 1s ineffective and unable to deceive consumers or 


physicians, any resultant harm will be minimal, and esti- 
mates of future cash flow will not be affected Given these 
competing arguments, we hypothesize the following 


Не Citations for print communications are associated with 
abnormal stock returns The direction of the hypothesis 1s 
an empirical issue 


The remaining media category, which we label “other 
media,” includes primarily mixed-media campaigns as well 
as radio and detailing promotions Because this category 
includes diverse promotion types, we do not put forth a 
hypothesis for the category 


Brand Market Share 


The brand’s market share does not affect stakeholders in 
any way that investors do not anticipate and should not have 
a direct impact on abnormal stock returns after the exposure 
of deception However, the level of brand market share 
affects the relationship between the 1ssue-contingent factors 
and market valuation We posit that low brand market share 
of a cited product reduces the 1mpact of the event character- 
1stics on cash flow When market share of the brand 1s low, 
most 1nvestors do not have prior knowledge of the brand or 
of the extent to which stakeholders are likely to change their 
purchasing behavior or take legal actions Therefore, we 
posit that 1nvestors are unlikely to have different estimates 
of future cash flow based on the egregiousness of the act or 
the target audience when brand share 1s low However, 
when the brand market share of the cited product 1s high, 
the brand is salient and investors are better able to distin- 
guish the impact of different types of deception Therefore, 
we hypothesize the following 


H4 When brand market share 1s high rather than low, (a) egre- 
giousness of omitted risk information, (b) egregiousness 
of unsubstantiated effectiveness claims, and (c) target 
audience have a stronger negative association with abnor- 
mal stock returns 


Controls and Moderators 


We control for previous firm citations, market dependence, 
brand sales, and advertising spending, each of which may 
affect negative abnormal returns A firm's previous citations 
may dull the negative impact of subsequent FDA citations 
When a firm has been cited many times for marketing vio- 
lations, the firm value will include the firm's inclination 
toward illegal or deceptive activities For example, David- 
son and Worrell (1992) find that recalls in the automotive 
industry occur so frequently that the impact of a specific 
announcement has little or no effect Therefore, reductions 
1n cash flow related to deceptive marketing will already be 
1ncluded 1n the stock evaluation. Brand sales of firms have 
been found to explain a significant amount of variance 1n 
the ability of firms to react to costly events (Moorman, Du, 
and Mela 2005, Tellis and Johnson 2007) We include 
advertising spending as a control in the main model because 
it 18 well established that the level of advertising spending 
has a significant, positive 1mpact on estimates of future cash 
flows and shareholder value (e g , Bharadwaj, Bharadwaj, 
and Konsynski 1999, Osinga et al 2009) Advertising 
spending 1s positively correlated with both perceived and 


objective quality (Moorthy and Zhao 2000) Because adver- 
tising creates positive associations with a brand, negative 
information about a brand with high advertising spending 
may surprise 1nvestors more, thereby causing 1ts stock price 
to fall In contrast, Ahluwalia, Burnkrant, and Unnava 
(2000) find that positive brand associations minimize the 
impact of negative information on attitudes, but for unfamul- 
таг brands, negative information 15 perceived as more diag- 
nostic for the brand 


Methodology and Data 


Research Methodology 


We assessed the impact of the deceptive marketing detailed 
in the FDA warning letters on the financial market using an 
event study methodology This approach has a long history 
1n finance and accounting of capturing the impact of merg- 
ers and acquisitions, earnings, stock splits, and other 
changes Marketing researchers exploring the link between 
marketing actions and their impact on the financial market 
have increasingly adopted this method (e g , Srinivasan and 
Bharadwaj 2004) Although studies examining the impact 
of negative events using the event study method are com- 
mon 1n finance, they are far less prevalent 1n marketing 

The approach we adopted follows theory and guidelines 
in the event study methodology literature (e g , Brown and 
Warner 1985) The method assumes that changes 1n stock 
prices reflect information that 1s newly available to 
investors Here, investors immediately incorporate the pub- 
ћеју available information from the FDA about deceptive 
marketing violations to assess the impact of the FDA viola- 
tions on either or both revenues and costs and, thus, on the 
future cash flow of the firm 

To assess the event’s impact on the firm's shareholder 
value, we use Fama and French’s (1996) momentum four- 
factor model, which 1s also referred to as the Carhart (1997) 
model, to assess the change in the stock’s price or the 
abnormal return The traditional market model estimates 
abnormal returns as the actual ex post return of the stock 
over the event window less the expected normal return of 
the firm over the event window if the event did not take 
place For each firm 1 and event date t, 


(1) &y* = Ry – ERy IX), 


where £,*, Ер, and E(R,) are the abnormal, actual, and nor- 
mal returns, respectively, for period t and X, 1s the condi- 
сорте information for the normal performance model for 
the stock The Carhart (1997) approach incorporates four 
additional factors that can contribute to differences in stock 
returns (1) the size of the firm, (2) market-to-book ratio, (3) 
the firm’s risk class, and (4) the firm’s momentum 


(2) £y = (Ri — Rife) – 6, – BR – Rep – 8:SMB, 
—h,HML, – uUMD, 

where, for firm 1 at period t, 2, 1s abnormal returns, Ry 1s 

actual returns, Ry 15 returns for portfolio m, Ка 1s risk-free 

returns, and SMB,, НМІ,, and UMD, control for differ- 


ences 1n return due to size, tangible assets, and momentum, 
respectively 
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We used three broad-based indexes (Standard & Poor’s 
[S&P] 500, New York Stock Exchange [NYSE], and NAS- 
DAQ) and a pharmaceutical industry stock portfolio to 
proxy the market portfolio Removing the portion of the 
stock’s return that 1s related to variations in the market’s 
return decreases the variance of the abnormal return, result- 
ing 1п an increased ability to detect the effect of the event on 
the stock’s returns 

We estimated the market model with data from 250 
trading days to 6 trading days before the event day The 
event day was the day the FDA posted a warning letter on 
its Web site, thus making the letter public information We 
chose a two-day window to calculate the cumulative abnor- 
mal returns (CARs) because some of the letters may have 
been posted late in the day on the FDA Web site and, con- 
sequently, the financial market impact may have occurred 
only on the following trading day Moreover, the two-day 
window for calculating CARs 1s long enough to capture the 
significant impact of the event and short enough to exclude 
confounding events We calculate the CAR as follows 


PET 
(3) CAR, (tp о) = У є 


Yeo 


Data 


Regulatory letters have been the subject of event studies 
across many disciplines Statistically significant abnormal 
returns have recently been found for such events as automo- 
tive recalls (Davidson and Worrell 1992) and the announce- 
ment of dmg withdrawals (Ahmed, Gardella, and Nanda 
2002) There 1s no reason to assume that investors would 
not anticipate these events while anticipating the publishing 
of the FDA letters Pharmaceutical firms spend more than 
$3 billion each year on promotional activities The varied 
and abundant promotions that pharmaceutical firms under- 
take make these activities just as difficult for investors to 
monitor as the activities of auto manufacturers or 1n the case 
of drug withdrawals Therefore, we expect that security 
prices do not reflect deceptive marketing before the release 
of an FDA letter 

The population for our study comprises all citation let- 
ters posted on the FDA Web site from the DDMAC We 
drew our final sample using the following considerations 
First, because we analyzed the data using the event study 
methodology, we included letters only if they were 
addressed to a publicly traded pharmaceutical firm Second, 
letters became available on the FDA Web site in 1997, when 
pharmaceutical marketing regulations were loosened and 
DTC spending mushroomed (Huh and Langteau 2007) 
However, most letters from 1997 and 1998 were released 
on the same day as other letters Because multiple events 
occurring on the same day could have had confounding 
effects (Geyskens, Gielens, and Dekimpe 2002), we 
excluded all observations from those years Third, we 
excluded letters that cited multiple brands in one citation 
because many of the explanatory variables are specific to a 
single brand Fourth, the event date we used 1s the date the 
letter was made public, which 1s the day 1t was posted on 
the FDA’s Web site We conducted a thorough search of the 
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Wall Street Journal Index to 1dentify whether information 
about the letter was leaked before the posted release date or 
1f other firm-related events were reported at or near the time 
of the event (Lane and Jacobson 1995) If evidence of either 
1ssue was found, the event was excluded Data on the other 
independent variables of interest were available for only 
170 letters, which became our effective sample size 


Measurement 


Dependent variable We measured the dependent 
variable, the financial 1mpact of deceptive marketing prac- 
tices, using the net present value (NPV) of the event 
Because CARs vary with firm size, larger firms tend to have 
lower abnormal returns and smaller firms tend to have much 
greater abnormal returns (Anand and Khanna 2000) The 
NPV captures the total gains or losses of the events and 
alleviates the scaling problem we would face otherwise 
(Kalaignanam, Shankar, and Varadarajan 2007) We com- 
puted the financial impact as the product of the CARs ш the 
two-day event window (0, +1) and the market capitalization 
of the firm 20 days before the event (Chan et al 1997) We 
use the shortest significant window to minimize confound- 
ing effects We collected stock market data from the Center 
for Research in Security Prices (CRSP) and factors particu- 
lar to the Fama—French and Carhart approaches from Ken- 
neth French’s Web site 4 


Independent variables The letters from the FDA can 
concern multiple promotional materials and multiple viola- 
tions of various degrees of severity Either 1n the introduc- 
tory paragraph or 1n subtitles, the letters identify clearly the 
violation for which the FDA 1s citing the firm Because 
unsubstantiated superiority claims do not vary in egregious- 
ness, we treated them as a dummy variable, where 1 
denotes that the letter referred to the violation one or more 
times and 0 indicates that no unsubstantiated superiority 
claims were made 

The other two violations were coded according to their 
severity on a three-point scale, where 0 indicates no viola- 
tion The level of deception and the criticality of the infor- 
mation concealed determine the egregiousness of unsub- 
stantiated effectiveness claims and the omission of risk 
information (see the Appendix) Characterizing drugs along 
these two dimensions 1s common 1n medical journals and in 
the business literature on deception (e g, Andrews, Nete- 
meyer, and Burton 1998, Markovitch, Steckel, and Yeung 
2005) The level of deception refers to whether the violation 
involves a false statement rather than a misleading implica- 
tion Advertisements that contain only misleading implica- 
tions include all the required information but may present ıt 
unclearly or 1n such a way as to emphasize benefits over 
nsk (Schwartz et a] 2009) The promotions that involve 
implicitly false claims are less likely to affect future cash 
flows for two reasons First, such violations are difficult to 
prove, and courts often reject them as bases for lability 
suits (Giliberti 2003) Second, without extrinsic evidence ın 
support of viewers’ actual interpretation of the representa- 
tion, stakeholders usually cannot determine whether the 


“See http //mba tuck dartmouth edu/pages/faculty/ken french/ 
data library html 


advertisement will cause harm (Yao and Vecchi 1992) 

Therefore, when the violation involves a misleading impli- 
cation, the event 1s coded as 1 regardless of the criticality of 
the information concealed 

When the violation involves a false statement, 1t 1s con- 
sidered more egregious, and the event 1s coded as 2 or 3, 
depending on the type of information concealed According 
to the FDA, a serious, adverse drug event 1s one that results 
in death, a birth defect, a disability, or hospitalization 
When a false claim relates to these types of serious harm, 
the event 1s considered extremely egregious and 1s coded as 
3 

One author and a research assistant independently 
coded the egregiousness of each unsubstantiated effective- 
ness claim and omitted risk violation The reliability of the 
severity measures was assessed using the proportional 
reduction in loss (PRL) approach (Rust and Сооп 1994) 
This approach 1s identical to Perreault and Leigh’s (1989) 
measure when two judges are used The PRL level for 
severity of unsubstantiated effectiveness and omission of 
risk information 1s 94 and 93, respectively These PRL lev- 
els are much greater than the generally accepted minimum 
level of 90 (Rust and Cooil 1994) 

The letter also identifies the intended audience The 
DTC measure was treated as a dummy that takes the value 
of 1 when all or part of the cited marketing efforts were 
directed at consumers and the value of 0 when directed only 
at medical professionals The type of media was treated as 
three dummy vanables print, where 1 indicates only print, 
television, where 1 indicates only broadcasts, and other 
media, where 1 indicates a combination of media or alterna- 
tive promotions In our sample, print accounts for roughly 
65% of citations, while television and mixed or other 
account for approximately 17% each 


Control variables We measured previous violations 
simply as a sum of all prior citations posted online, which 
includes all citations from March 1997 forward To control 
for firm size, we treated advertising spending as a percent- 
age of firm sales We calculated brand market share as the 
percentage of prescriptions in the treatment category We 
obtained annual measures of U S advertising spending and 
market share from Verispan, a market research firm that 
tracks marketing activity in the pharmaceutical industry We 
collected data for firm sales from COMPUSTAT We 
include the measures corresponding to each year of the 
violation 


Results 


Table 2 presents the average abnormal returns for all letters 
1n our sample posted on the FDA Web site on the event day 
as well as for several windows around the event The results 
indicate that, on average, for the two-day window (day 0 to 
1), firms cited on the FDA Web site for deceptive marketing 
practices experience a 1% drop ш excess returns The loss 
of 1% 1n excess returns translates into a wealth loss of $86 
million for the median firm ın the sample In contrast, mar- 
keting events with positive news average gains of 42% 
across announcements of new product introductions 
(Chaney, Devinney, and Winer 1991), brand extensions 


TABLE 2 
Abnormal Returns for Windows Surrounding the 
FDA Web Site Posting 


Mean Abnormal 
Return (%) 
Based on the 
Carhart Four- 


Time Window 
with Day = 0 


as Event Date Factor Model t-Statistic 
-5 18 95 
—4 — 18 – 98 
-3 06 35 
-2 —22 —1 17 
-1 21 111 
0 — 60 —1 97* 
1 – 41 —168"* 
2 — 20 —1 00 
3 — 11 — 61 
4 — 26 —1 40 
5 —17 – 40 
*p< 05 
“p< 10 


(Lane and Jacobson 1995), celebrity endorsements 
(Agrawal and Kamakura 1995), product preannouncements 
(Sorescu, Shankar, and Kushwaha 2007), and new Internet 
channel additions (Geyskens, Gielens, and Dekimpe 2002) 

The lack of significant abnormal returns before the event 
window suggests that there 15 no leakage or anticipation of 
information about the FDA warning letters (McWilliams 
and Siegel 1997) The cumulative average abnormal returns 
(CAAR) for longer windows after the event CAAR (1 to 5), 
CAAR (1 to 20), and CAAR (1 to 100) are not significant 

Following Gielens and colleagues (2008), we ran a pooled 
regression of the CARs against the time since the event 
date This analysis indicates no drift 1n the results (p « 10) 

The short event window and the insignificance of the subse- 
quent drift are consistent with the efficient market assump- 
tion that 1s 1mplicit 1n the method used in the study 


Explaining the Heterogeneity in Abnormal 
Returns 


Although, 1n general, the market views the FDA warning 
letters as negative signals that deliver negative stock returns 
overall, there 1s still significant heterogeneity around the 
returns Table 3 provides the results of the cross-sectional 
explanation of the variation 1n the observed stock price 
reactions 

Omission of risk information has the anticipated nega- 
tive effect (b = — 26, p < 001) Therefore, Hı 1s supported 
We also found support for Hy, as the effect of unsubstanti- 
ated effectiveness claims 1s also negative (b = — 20, p « 05) 
Although we did not develop a directional hypothesis for 
the effect of superiority claims, this violation has a positive 
but not significant association with abnormal returns (Нз 
р> 05) Consistent with our expectations, H4 1s supported, 
as DTC advertising has a significant, negative effect (b — 
– 27,р < 001) 

Model 2 provides the results for hypotheses Н; and Hg 
For this analysis, we replaced the DTC vanable with more 
specific measures that examine the effects of media type 
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used Н; 1s not supported (p > 05), but the parameter esti- 
mate for television 1s in the expected direction (b = — 06) In 
contrast, print DTC advertising has a positive and signifi- 
cant effect on NPV (b= 13, p < 05) Thus, Hg 1s supported 
Although we did not posit a directional hypothesis for other 
media, the category has a negative and significant impact on 
NPV (b = ~ 65, р < 001) 

To test the moderator hypotheses, we split the sample 
on the median level of brand market share into two groups 
We used a z-test to assess the difference of coefficients 
between the two samples For two coefficients В, and В, 


(4) ge e 


(s2(B,) + 208 02 


where the null hypothesis of equality of the coefficients fol- 
lows a standard unit normal (Clogg, Petkova, and Haritou 
1995) Under the assumption that the samples are indepen- 
dent, the standard error of the difference 15 equal to the 
square root of the sum of the two squared standard errors 
We find support for Hz, о as the negative effects of the 
omission of risk information, unsubstantiated efficacy 
claims, and DTC advertising are greater when the brand 
market share ıs high than when ıt ıs low (all p < 05) 
Indeed, these results are conservative, as we use subsamples 
to test the hypotheses rather than create continuous variable 
interactions with the full sample Furthermore, using split 
samples reduces the likelihood of multicollinearity, a com- 
mon problem when interaction variables are used 1n regres- 
sion models Indeed, the variance inflation factors (VIFs) 
support this expectation, and multicollinearity 1s not an 


issue (maximum VIF = 2 32) As we show subsequently, the 
creation of continuous variable interactions 1n the full sam- 
ple proved consistent with the subsample analysis 

In summary, the results indicate that the financial mar- 
ketplace takes a bleak view of the regulatory exposure of 
egregiousness acts of deception and those aimed at con- 
sumers The results also indicate that these relationships are 
more negative for firms with high brand market share 
Among the controls, we did not find age of drug, therapeu- 
tic category, or year to be significant The results for the 
main effects of advertising, market share, and previous cita- 
tions were also not significant 1n all models 


Robustness Checks 


The results discussed so far are robust to alternative models 
of stock returns, alternative stock-portfolio-based measures 
of abnormal returns, time and age effects, heteroskedastic- 
ity, and examination of risk We used two other popular 
models to estimate the abnormal stock returns the capital 
asset pricing model (CAPM) and the Fama—French (1996) 
three-factor model The CAPM approach 1s equivalent to 
the one-factor market model described previously, and the 
Fama-French three-factor model 1s similar to the Carhart 
(1997) four-factor model without the inclusion of momen- 
tum In both cases, the results were not significantly 
changed (see Table 4) The omitted variables 1n the CAPM, 
however, weakened the power of some of our results 

We used three alternative benchmark portfolios to cal- 
culate the market and abnormal returns a portfolio of firms 
trading in NASDAQ, a portfolio of firms trading in NYSE, 
and a portfolio consisting only of pharmaceutical firms We 


TABLE 3 
Results with NPV as Dependent Variable Based on the Carhart Four-Factor Model 





Standardized Estimate (Robust Standard Error) 


Media 
Parameters Model 1 Type 
Egregiousness of omitted 
risk Information —26(13)*** —33(11)*** 
Egregiousness of 
unsubstantiated 
effectiveness claims — 20 ( 16)* – 12 ( 15)** 
Unsubstantiated superiority 
claims — 06 ( 27) 14 ( 26)* 
DTC — 27 ( 28)*** 
DTC (print) 13 ( 39)“ 
DTC (other) ~ 65 (38)*** 
DTC (television) — 06 ( 50) 
Controls 
Brand advertising/sales 
ratio i ( 68) 8 ( 60)* 
Market share 9 ( 003)* - 07 ( 004) 
Firm letters 07 (02) 30 ( 02)*** 
F-value (p-level) 4 (0001) 931 (0001) 
R2 (А2 adjusted) 7 (13) 35 (31) 
Махитит МЈЕ 1 52 1 83 


*p < 05 (one-tailed test) 
**p < 01 (one-tailed test) 
***p < 001 (one-tailed test) 


Low Market — High Market Low Ad High Ad 
Share Share Spending Spending 
05 (12) —95(25)"*  Á-19(15)* —52(24)** 

— 05 ( 17) —40(37)"**  —11(17) — 12 (24) 

— 08 ( 30) – 32 ( 46)*** 15 (30) 06 ( 55) 
17 (36) – 19 (51) 07 (49) — 22 (52) 

– 02 (53) 10 (7 69) 

09 (004) 5(01 

— 10 (02) 37 ( 03)*** 24 ( 03) - 1940 4) 
26 (95) 9 18 ( 0001) 206 (005) 434 ( 0005) 
02 (01) 44 ( 39) 5 (08) 30 ( 23) 

1 88 171 2 32 171 


Notes In addition, the models included 12 category dummies and 7 year dummies They are not shown in the table to save space 
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Table 4 
Assessing Robustness of Results with NPV as Dependent Variable Based on Alternative Models 





Fama-French Three-Factor Model CAPM Model 
Model 2: Model 2: 
Model 1 With Media Types Model 1 With Media Types 
Standardized Standardized Standardized Standardized 
Estimate (Robust Estimate (Robust Estimate (Robust Estimate (Robust 


Standard Error) 
Egregiousness of omitted 


Standard Error) 


Standard Error) Standard Error) 


risk information – 25 ( 13)*** — 32 ( 12)*** – 10 (11)** – 17 (11)*** 
Egregiousness of 

unsubstantiated 

effectiveness claims ~ 17 ( 16)* — 12 ( 15)** —11(15)** — 09 ( 14) 
Unsubstantiated 

superiority claims — 05 (29) 13 ( 28)** 12 (27)™* 24 ( 30)“ 

— 25 ( 28)*** – 13 ( 25)* 

DTC (print) 11 ( 42)** 08 ( 39) 
DTC (other) — 55 ( 38)*** — 32 ( 42)“ 
DTC (television) — 06 ( 49) — 10 ( 50)** 
Controls 

Brand advertising/ 

sales ratio 09 ( 65) 15 ( 60)“ — 03 ( 60) 08 ( 60) 

Market share 19 ( 004)“ — 02 (004) 11 ( 003) — 02 ( 004) 

Firm letters – 05 ( 02) 14 (02) 02 ( 02) 13 (02) 

Age of the drug 11 (09) 06 ( 09) 09 ( 13) 13 (14) 

F-value (p-level) 3 75 ( 0001) 5 32 (0001) 9 64 ( 0001) 10 02 ( 0001) 

R2 (А2 adjusted) 41 (30) 52 ( 42) 64 ( 58) 67 ( 60) 


*р < 05 (one-tailed test) 
**p < 01 (one-tailed test) 
***p < 001 (one-tailed test) 


Notes In addition, the models included 12 category dummies and 7 year dummies They are not shown in the table to save space 


also calculated equally weighted and value-weighted ver- 
sions of abnormal returns The cross-sectional regression 
analysis, based on these six measures (3 portfolios x 2 types 
of abnormal return calculation), yields results that did not 
materially change 

We also regressed the explanatory variables against the 
two-day CAR Table 5 shows that the results remain robust 
to the operationalization of the dependent variable 

In all these models, we controlled for effects of time, 
therapeutic category, and age of the drug We conducted this 
analysis by including year dummues, therapeutic category 
dummies, and a continuous measure of the time since each 
drug's approval for marketing Inclusion of the controls did 
not alter the results for the key variables 1n any significant 
way 

To examine whether a reduction in the returns or an 
increase in the risk drove the results, we explored each 
firm's stock return volatility 02, over two windows the 
preevent window (—250, —1) and the postevent window (0, 
250), where 0 represents the event date We also estimated 
market volatility 62,, over the same window Following 
standard practice 1n finance (e g , Schwert 1989), we calcu- 
lated a volatility ratio, defined as А = square root of (02,/ 
o2,,) A comparison of the volatility ratio À over the pre- 
and postevent windows serves as an estimate of the effect of 
the event on firm volatility The ratio А = 99 indicates that 
the volatilities, relative to the market, were not different 


before or after the event Thus, the event’s impact was not 
on the firm’s stock return volatility 5 


Discussion 


Contributions to Research 


The Marketing Science Institute has named the linking of 
marketing actions to financial performance as a capital 
research priority The empirical work 1n marketing on this 
issue has historically examined the financial impact of posi- 
tive marketing events Our study extends the limited extant 
research on the financial value of negative events by exam- 
ining deceptive marketing, a pervasive phenomenon in 


5We also examined whether the firm’s credit ratings (which 
have been used as a proxy for a firm's default risk) changed as а 
result of the FDA citations (Anderson and Mansi 2009, Avramov 
et al 2009) Rating agencies determine firms’ credit ratings by 
using assessments of probability distributions of future cash flows 
to bondholders The data were drawn from the S&P Long-Term 
Domestic Issuer Credit rating The ratings range from AAA to D 
We used the transformed numerical rating ranging from 1 for 
AAA and 22 for D We examined the average credit rating 1n the 
month before the event (posting of the FDA citation letter) and 
compared it with average credit ratings for the firm in the month 
after the event Simple t-tests indicated no significant change in 
the credit ratings after the event Taken together, the results imply 
that the effect 1s on the returns rather than on risk 
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TABLE 5 
Assessing Robustness of Results with Two-Day CARs as Dependent Variable Based on Alternative 








Models 
Standardized Estimate (Robust Standard Error) 
Parameters 
Fama-French Carhart Four- 
CAPM CAPM Three-Factor Model Factor Model 
„мече del Model 2: With Model 2: With 
Model 1 Model 1 Model 1 Media Types Model 1 Media Types 
Egregiousness of 
omitted risk 
information – 21 (002) | —30(002) – 14 (002)  —18 ( 002)“ – 16 (002)  —20 (002) 
Egregiousness of 
unsubstantiated 
effectiveness claims  — 26 ( 003)“ – 22 ( 003)“ — 29 ( 002)“ – 24 (002)***  -—27(002)" -22 (002) 
Unsubstantiated 
superiority claims — 08 ( 17) – 10 (17) — 15 ( 005) – 05 (005) — 14 ( 005) — 03 (005) 
DTC – 29 ( 04)*** – 21 (004)*** — 22 (004)*** 
DTC (print) 08 ( 007) 002 ( 008) 003 ( 009) 
DTC (other) – 46 ( 006)*** – 36 (007)*** – 38 (007)*** 
DTC (television) – 19 (007)** – 06 (008) – 05 (008) 
Controls 
Brand advertising/ 
sales 21 (01)“ 25 ( 01)** 13 (01) 16 (01)* 11 (01) 14 (01) 
Market share 27 ( 001)* 14 ( 001 29 (001)* 19 (001) о ( 00)*** 18 (001) 
Firm letters 11 (003) 5 ( 003)** ES ( 001) 08 (001) — 04 ( 004) 09 (001) 
Age of the drug 06 ( 002) 03 ( 001) 04 ( 002) 01 (001) 04 ( 001) 01 (002) 
F-value (p-level) 3 56 ( 0001)  398(0001) 2 38 (0001) 241 (0005) 2 45 (0005) 252 (0003) 
R2 (R2 adjusted) 43 (31) 48 ( 36) 33 (19) 35 (21) 34 ( 20) 36 (22) 


*p < 05 (one-tailed test) 
**p « 01 (one-tailed test) 
***p < 001 (one-tailed test) 


Notes In addition the models included 12 category dummies and 7 year dummies They are not shown in the table to save space 


pharmaceuticals and other industries In addition to quanti- 
fying the financial market 1mpact of deception, this study 
1dentifies a set of factors that constitute a substantial pro- 
portion of the variation ın negative events 

Although it has been thoroughly established that 
product-harm crises and product withdrawals significantly 
affect firm value, the cost of the regulatory exposure of 
deceptive marketing has not been researched Using the 
event study methodology, we find that the exposure of cer- 
tain forms of deceptive marketing practices can lead to a 
significant reduction 1n firm value Overall, our analysis 
shows a noteworthy loss of wealth by investors The aver- 
age change 1n excess returns following an FDA citation was 
1% For Pfizer, whose market capitalization was $97 91 bil- 
lion on June 7, 2009, this translates into a wealth loss of 
approximately $1 billion In comparison with positive 
events, which have been explored in the marketing litera- 
ture, the exposure of deceptive marketing has a significantly 
greater impact Moreover, our analysis finds that firms can 
be financially punished even for negative marketing events 
that involve no direct costs to the firm 

The primary goal of this research was to deconstruct 
these events to understand which factors explain the varı- 
ance in market reaction to exposed acts of deception Stud- 
1es 1n finance and marketing involving negative abnormal 
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returns have primarily considered events with high direct 
costs, such as automobile recalls, and have not explained a 
substantial proportion of the often large 1ndirect costs The 
few previous studies on value-reducing events that have 
considered the variation 1n shareholder value between 
events have included only firm characteristics and have 
largely found them to be insignificant Our analysis has 
shown that characteristics of the event explain much of the 
heterogeneity of the impact of negative events 

We found that regulatory exposure of some acts of 
deception had no impact on firm value, and a few even 
boosted share prices For example, the NPV of Pfizer 
increased by $4 million when, ın 2004, the FDA issued a 
letter regarding the omission of risk information on Pfizer’s 
Web site for из drug Zyrtec However, under certain condi- 
tions, we can conclude that the cited firms incur a signifi- 
cant financial penalty In the main-effects model, egregious- 
ness of the violation and vulnerability of the target audience 
had significant and negative impacts on market value As 
we hypothesized, violations at levels of low egregiousness 
or unconfirmed egregiousness (1 e , unsubstantiated superi- 
ority claims) did not reduce estimates of future cash flows 
As one analyst explained, “Superiority claims are just about 
which drug you should buy It makes people angry to pay 
more, but safety concerns carry greater weight” 


The target audience of the misleading marketing 1s also 
critical to the impact of its exposure The results indicate 
that firms are penalized far more severely when their decep- 
tion 1s directed at consumers rather than physicians These 
results lend support to our argument that firm value 1s 
affected most negatively by acts of deception that target 
those who are most vulnerable to deception, and that may 
lead to severe harm 

The results for type of media are slightly more difficult 
to interpret. Print media was positively related to abnormal 
returns, which may be explained by the low likelihood of 
such advertisements to persuade or deceive, given their 
highly technical language (Sheehan 2007) Broadcast media 
was not significantly related to abnormal returns Despite 
the ability of the emotional appeals commonly used 1n such 
advertisements to persuade (Perrone 2007), the perceived 
untrustworthiness of the medium may dampen the likeli- 
hood of deception (Macias, Pashupati, and Lewis 2007) 
The negative results for other media are consistent with 
those of Narayanan, Desiraju, and Chintagunta (2004), who 
find that synergies among various marketing investments 
lead to increased ability of a mixed media campaign to 
persuade 

Less intuitive, and perhaps the greatest contribution of 
our study, are the findings regarding the moderating effect 
of brand market share As we expected, brand market share 
did not have a direct 1mpact on abnormal returns In other 
words, overall, firms that used deceptive advertising for 
higher-share brands were not punished more than firms that 
used misleading claims for lower-share brands However, 
brand market share made a considerable difference in the 
relationship between the event characteristics and abnormal 
returns For brands with high market share, egregiousness 
of violation and target audience explained a large propor- 
tion (more than 40%) of the variation 1n abnormal returns 
following a citation However, for brands with low market 
share, these factors explained almost none of the variation 
Thus, we can conclude that firms cited for deception related 
to brands with high brand market share are punished more 
for highly egregious acts or deception aimed at vulnerable 
populations than they are for acts of deception that are less 
severe or directed at physicians However, firms cited for 
deception related to brands with low brand market share 
experience no significant difference 1n impact for acts of 
high or low egregiousness or by target audience 


Implications for Managers 


The results of our research will enable Main Street man- 
agers and Wall Street executives to make more informed 
decisions about the financial nsk of potentially destructive 
marketing strategies Our findings indicate that Main Street 
managers need to consider both the target audience and the 
potential harm when communicating with outside stake- 
holders Managers also should consider how such factors 
interact with brand market share and advertising spending 
Although we did not have any ex ante expectations 
about the impact of advertising spending, а post hoc analy- 
sis of its moderating role suggests that advertising spending 
also affects the relationship between some of the event 


characteristics and abnormal returns (see Table 3, columns 
6 and 7) Although the findings are more difficult to inter- 
pret than those pertaining to the moderating impact of brand 
market share, we can make a few notable observations 
Brands with high advertising spending (1e, on average, 
more visible brands) lose more when cited for marketing 
directed at consumers or claims involving omitted risk 
information, whereas these characteristics do not influence 
the relationship between the citation and abnormal stock 
market returns when the brand advertising spending is 
lower than the industry average 

With health-care and highly technical products, Main 
Street managers may not be able to guard against musinter- 
pretations that could lead to public harm and, consequently, 
reduced cash flows for the firm The possibility of such out- 
comes along with widespread criticism of pharmaceutical 
advertising has been cited as the motivation for recent 
announcements by several major pharmaceutical firms, 
including GlaxoSnuthKline and Pfizer, that they will sig- 
nificantly reduce spending on DTC advertising (Whalen 
2009) In contrast, although managers must view this result 
as preliminary evidence, ıt seems that such acts of deceptive 
marketing do not put the firm in jeopardy by negatively 
affecting return and risk 


Implications for Public Policy 


For policy makers who consider how to effectively dissuade 
firms from using misleading claims, our study offers some 
important insights We were able to quantify the average 
financial penalty of different types of misleading claims fol- 
lowing an FDA citation Citations for certain acts, such as 
unsubstantiated superiority claims, and for the use of print 
media may boost firm value in some circumstances In such 
cases, the citations may encourage the use of misleading 
tactics 

Under other conditions, the financial market heavily 
penalizes firms for garnering FDA citations Several factors 
may contribute to the continued prevalence of deceptive 
practices even with the potential for high financial losses 
One cause may be that firms are not aware of the factors 
associated with high penalties and are willing to gamble 
with deceptive marketing actions Another cause may be 
that managers believe that they will not be exposed, which 
thus leads to moral hazard Spending on drug promotion in 
the United States 1s rapidly increasing, but the number of 
citations has been decreasing, the size of the DDMAC staff 
has stayed relatively constant, and the DDMAC budget has 
been shrinking (Domestic Social Policy Division 2005) (see 
Figures 1 and 2) In addition, the process of issuing cita- 
tions has increased 1n difficulty and length (from a few days 
up to 78 days) (Domestic Social Policy Division 2005) As 
a result of these factors, and despite assurances from the 
FDA that 1 reviews all pharmaceutical communications, 
firms may believe that detection 1s not certain 

Finally, policy makers need to consider whether the loss 
of firm value after the publication of a citation outweighs 
the positive boost 1n sales associated with the misleading 
message Although calculating the overall payoff of decep- 
tive marketing 1s beyond the scope of this study, this analy- 
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FIGURE 1 
Percentage Change in DDMAC Citations Issued 
and Advertising Spending by Pharmaceutical 
Firms 
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FIGURE 2 
Total U.S. Advertising Spending by Pharmaceuti- 
cal Firms (in Millions of Dollars) and Total DDMAC 
Budget to Regulate Drug Marketing (in Thousands 
of Dollars) 





1999 2000 2001 2002 2003 2004 2005 


=| S drug promotion 
--- DDMAC budget 


aMeasure of U S drug promotions is taken from Donohue, Cevasco, 
and Rosenthal (2007) and is cross-referenced with data on the IMS 
Health Web site (http /Avww imshealth com^ 

bThe measure of DDMAC budget is from Domestic Social Policy 
Division (2005) 


sis provides a set of factors that should be considered when 
evaluating the violations that may require additional fines to 
offset gains 1n sales 


Limitations and Further Research 


This study was restricted to a single 1ndustry with specific 
characteristics that make 1t necessary to use caution 1n gen- 
erahzing the findings Although we do not expect that the 
overall drop 1n market value will be as high 1n many other 
industries, we believe that the factors 1dentified 1n this study 
influence the relative degree of 1mpact Nevertheless, the 
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magnitude of sales and advertising spending 1n the pharma- 
ceutical industry makes the analysis significant in itself 
The drugs included in the study represent $95 billion in 
annual sales and $13 billion 1n advertising spending for the 
year of their respective citations The letters were sent to 
firms regarding drugs that, on average, had $426 milhon 1n 
annual sales and represented almost one-third of all pre- 
scriptions 1n their treatment category 

Because the focus of our study 1s the regulatory expo- 
sure of deceptive marketing, we cannot claim to have exam- 
ined the full impact of deception The financial impact of 
deception also includes any positive gains to the firm that 
stem from the misleading claim from the time of its initial 
communication We did not have access to appropriate data, 
nor was this question the focus of our research However, 
future researchers should explore this 1ssue 

Another limitation of this study 15 that the sample 
included only publicly traded firms Accordingly, we can 
say nothing about the impact of deceptive actions for pri- 
vately held firms 

Although we did rule out the шпрасе of the FDA cita- 
tions on the short-term risk of the firm (and attributed all 
reduced value to the stock returns), our analysis was pre- 
luminary Further research should explore alternative risk 
metrics (eg, the market, idiosyncratic and aggregate 
volatility risks that firms face) 

Our theoretical model considered the estimated impact 
of future behavior by multiple groups of stakeholders, but 
the method we used could not separate the value placed on 
each An experimental study needs to be conducted to dis- 
tinguish the weight analysts and investors place on each 
group of stakeholders and on each type of action (e g , liti- 
gation, lost sales) 

Our analysis ıs also limited to the прасі on the cited 
firm, but prior research indicates that advertising can have 
spillover effects on competitors An analysis of the impact 
of the regulatory exposure of deception on competitors’ 
firm value, prescription share, and revenue would illumi- 
nate what managers can expect in the wake of their com- 
petitors’ marketing missteps 


Appendix 
Criteria for Coding Egregiousness 
of Violations 


Egregiousness of Violations for Unsubstantiated 
Effectiveness Claims 


Egregiousness 1s coded on a scale of 0 to 3 according to the 
extent of the unsubstantiated claim and the potential harm to 
public safety and health If more than one promotional mate- 
rial contains a violation 1n this category, the level of egre- 
giousness corresponds to the most severe violation cited 


0 No citations 

1 When the efficacy or indication 15 stated but not clearly 
Thus, the promotion implies unapproved claims 

2 When claims are directly made that are unsupported or false 
but the claims do not have life-threatening or life-altermg 
consequences 


3 When claims are directly made that are unsupported or false 
and the clams have life-threatening or life-altering 
consequences 


Egregiousness of Violations for Omission of Risk 
Information 


Egregiousness 1s coded on a scale of 0 to 3 according to the 
extent of the msk information omitted and the potential 
harm to public safety and health If more than one promo- 
tional material contains a violation in this category, the level 


of egregiousness corresponds to the most severe violation 
cited 


0 No citations 

1 The risk information 1s fully divulged but in an inadequate 
or unclear manner 

2 Allora portion of the risk information 1s omitted in the pro- 
motional material but the claims do not have life- 
threatemng or life-altering consequences 

3 All or a portion of the risk information 1s omitted in the pro- 
motional material and the claims have life-threatening ог 
life-altering consequences (“serious” or “‘significant”) 
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Impact of Mad Money Stock 
Recommendations: Merging 
Financial and Marketing 
Perspectives 


This article relies on advertising and persuasive communications theories to uncover persistent variations in 
investor response to television stock recommendations targeting naive investors The authors use an event study 
methodology to determine the size of the next-day abnormal market reaction to recommendations on Mad Money 
with Jim Cramer Although viewers are actively looking for recommendations, the results show that any individual 
recommendation ts still subject to many of the same communication challenges as traditional advertisements A 
regression analysis finds that traditional advertising variables, such as message length, recency-primacy effects, 
information clutter, and source credibility, influence the size of the market reaction to a "buy" recommendation The 
authors discuss implications for marketers, managers of public companies, and those interested in public policy 
aspects related to televised stock recommendations 


Keywords advertising, television stock recommendations, targeted marketing, event analysis, Mad Money with Jim 


Cramer, marketing-finance interface 


I just want to make you money, because my job 1s not just 
to entertain you, but to educate you, so call me at 1-800- 
743-CNBC 

—Jim Cramer 


T= opening line of the Mad Money with Лт Cramer 
televiston show sounds surprisingly like an advertise- 
ment Although Jim Cramer’s stock recommenda- 
tions are technically not advertisements, they are persuasive 
messages delivered through mass media Research in 
finance and economics has found evidence of a general 
positive reaction to “buy” recommendations aired on Mad 
Money taking place on the day following the broadcast of 
the show (eg, Engelberg, Sasseville, and Williams 2006, 
2007, Lim and Rosario 2008, Neumann and Kenny 2007) 
We expand these findings by using traditional advertising 
and persuasive communications factors to examine which 
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of these buy recommendations are likely to generate the 
greatest reaction ! 

Although many of the shows’ viewers are actively seek- 
ing recommendations, we find that traditional advertising 
and persuasive communications variables, such as message 
length, recency—primacy effects, mformation clutter, and 
source credibility, influence the size of the market reaction 
following a buy recommendation In addition to uncovering 
potential arbitrage opportunities for investors, this research 
has implications for emergent targeted advertising 
approaches, such as various forms of advertising based on 
consumer Internet searches and browsing history or cus- 
tomized shopping portal recommendation lists, because 1t 
suggests that the communication challenges associated with 
traditional advertisements persist even when highly targeted 
messages are communicated to receptive and attentive audi- 
ences In addition, these results should provide insights for 
managers who are interested 1n how expert third-party rec- 
ommendations targeted at naive investors affect stock price, 
for executives who use appearances on stock recommenda- 
tion shows 1n their public relations strategy, and for people 
interested in the public policy implications of providing 
stock recommendations to a large group of naive investors 


TWe focus on buy recommendations because sell recommenda- 
tions do not lend themselves to this type of analysis, partly 
because advertising convinces people to buy rather than sell a 
product and, more important, not all the viewers can act on the sell 
recommendations because they do not own the mentioned securi- 
ties in their portfolios and/or do not use sophisticated tools, such 
as options or short-selling, that would allow them to trade based 
on the recommendation regardless of whether they own the stocks 
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Background and Motivation for the 
Study 


Every day, investors are bombarded with investment recom- 
mendations ın newspaper and magazine articles, on televi- 
sion shows, and in spam e-mails (Frieder and Zittrain 
2007) Because no new information 1s typically embedded 
in these recommendations, the efficient market hypothesis 
would suggest that stock prices should not react to them 
Nevertheless, the market reacts to such recommendations 1n 
general (е g , Barber, Lehavy, and McNichols 2001, Elton, 
Gruber, and Grossman 1986, Womack 1996) and to Jim 
Cramer’s recommendations on Mad Money їп particular 
(e g , Engelberg, Sasseville, and Williams 2006, 2007, Lim 
and Rosario 2008, Neumann and Kenny 2007) 

It 1s believed that individual investors are highly suscep- 
tible to mass-media investment recommendations because 
of the high search costs associated with a wide array of 
available options For example, Jain and Wu (2000) show 
increased resource flows to the mutual funds advertised 1n 
business periodicals Barber and Odean (2008) find that 
individual investors are net buyers of stocks that have 
recently been mentioned in the news, are experiencing 
abnormal volumes, and have extreme one-day returns 
Frieder and Zittrain (2007) uncover short-term market fluc- 
tuations 1n reaction to spam e-mails, suggesting that stock 
prices are affected by even the least credible forms of 
1nformation 

We analyze the Mad Money show as opposed to more 
sophisticated financial programming because ıt ıs clearly 
targeted at naive investors The Stalwart (2005), an Internet 
blog targeted at financial 1ndustry professionals, states that 
“Jim Cramer’s CNBC show Mad Money 1s an addictive 
guilty pleasure His frenzied 5-second analysis on hun- 
dreds of stocks never ceases to amuse But we won’t turn to 
him for investment advice as most of what he says sım- 
ply describes the previous day's market action” This senti- 
ment agrees with our interviews of finance professionals, 
including financial planners and mutual fund managers Our 
interviewees stated that Mad Money’s appeal 1s limited to 
those outside the financial industry Several mutual fund 
managers admitted that they occasionally watch the show 
and even receive e-mails with Mad Money recaps, but none 
of them traded on the basis of the show’s suggestions 

Jim Cramer specifically targets naive investors He 
rarely uses complicated financial jargon or provides 1n- 
depth analysis. He favors clear-cut buy/sell recommenda- 
tions and does not resort to ambiguous statements that are 
common to this type of programming He also incorporates 
a strong entertainment component in his show Cramer 
resorts to a wide array of ostentatious tricks, including 
dressing up in costumes, shouting, using and sometimes 
breaking props, throwing objects on the set, and using varı- 
ous sound effects, all of which make his program simular to 
advertising environments traditionally studied by marketing 
scholars Regardless of one’s personal stand regarding his 
antics, 1t 1s difficult to dispute that Cramer succeeds 1n grab- 
bing his audience’s attention The Hollywood Reporter 
(Gough 2006) attests that, on average, more than a quarter 
million viewers watch Mad Money on CNBC 


Another advantage of analyzing Mad Money 1s that Jim 
Cramer tries to minimize recommendation leaks during the 
taping of the show, which makes its impact more tractable 
Other shows, such as Fast Money, provide more sophisti- 
cated commentaries aimed at more informed investors and 
often supply general 1nsights into savvy financial products 
and tools (1e, derivatives, commodities, and technical 
analysis) that are not suitable for an average individual 
investor Moreover, the experts featured in these programs 
frequently appear on other network shows that provide 
similar recommendations during the trading day, which has 
a contaminating effect 


Conceptual Framework 


As with any persuasive attempt, message intensity, presen- 
tation order, and source credibility can affect consumer 
decisions In addition, various psychological and cognitive 
processes and biases may influence consumer judgment 
Therefore, we use an event study methodology to quantify 
an individual stock’s reaction to Mad Money recommenda- 
tions and then use regression analysis to uncover the factors 
that affect the size of the resulting abnormalities In particu- 
lar, we explain the relative size of the next-day market reac- 
tion by using variables associated with traditional advertis- 
ing and persuasive communication frameworks In spirit, 
our investigation 15 similar to those in the emerging field of 
behavioral finance (Barberis and Thaler 2003) and market- 
ing that demonstrate how various heuristics and biases lead 
to irrational stock market behaviors (Johnson, Tellis, and 
MacInnis 2005) We follow the framework outlined in 
Figure 1 

Previous research on the impact of Mad Money recom- 
mendations has documented the overall inefficiencies of 
financial markets Neumann and Kenny (2007) analyze 162 
buy recommendations and document an average next-day 
abnormal return of 1 06%, which 1s followed by a steady 
price dechne Engelberg, Sasseville, and Williams (2007) 
analyze 391 initial buy recommendations and find that 
stock prices increased by an average of 2 86% on the day 
after the show aired but then fell back to their previous lev- 
els within several trading days Both studies find a signifi- 
cant run-up in security prices before the event Despite the 
host’s claims regarding the show's efforts to prevent infor- 
mation leaks, Engelberg, Sasseville, and Williams (2007) 
mention information leakage as a possible explanation for 
this run-up They also document that arbitrage plays by 
informed investors following such recommendations as 
short-sale volumes for recommended stocks increase on the 
day following recommendations and that the magnitude of 
the volume spike 1s proportional to the size of the arbitrage 
opportunity available 

These prior studies have also outlined factors related to 
underlying securities that could influence the size of the 
abnormal market reaction Similarly, we include several 
control variables (which we discuss subsequently) that are 
characteristics of the underlying securities (rather than the 
recommendations) that could be related to the behavior of 
naive and informed investors Such factors are captured by 
the far outer level of Figure 1 For example, we include the 
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FIGURE 1 
Conceptual Framework (Shaded Areas Represent This Study’s Contribution) 
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market capitalization of the underlying security because, ш 
general, larger cap stocks are more liquid and have fewer 
limits to arbitrage (1e, factors diminishing the ability of 
informed traders to trade away market inefficiencies) It 1s 
more difficult for informed market players to sell small cap 
stocks short because this requires them to borrow shares 
that may not be available 

In addition to accounting for the security-related 
aspects, limits to arbitrage, and history of wealth redistribu- 
tion, the inner box of Figure 1, which is linked to naive 
investor behavior, examines the impact of show-related 
characteristics by introducing traditional advertising and 
persuasive communications variables to explain which rec- 
ommendations receive the strongest reaction from naive 
investors These variables are linked to information unique- 
ness, information-processing environment, reach, and 
aspects of source credibility, we discuss these in greater 
detail in the next section 


Research Questions and 
Hypotheses 


Information Uniqueness 

We consider the impact of information uniqueness by 
examining new versus repeat recommendations Advertis- 
ing effectiveness has been found to be susceptible to 
“threshold” effects (Blair 1987, Pechmann and Stewart 
1988) and “wearout” effects (Haley 1978, Simon 1982, 
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Winter 1973), leading to an inverted U-shaped relationship 
between the number of exposures and advertising effective- 
ness (for a summary of this research stream, see Anand and 
Sternthal 1990) Jim Cramer’s recommendations to buy cer- 
tain stocks are similar to traditional television advertise- 
ments ш that both are impersonal broadcast messages рег- 
suading investors/consumers to make a particular purchase 
At the same time, there are some critical differences For 
example, stock recommendations operate ın a high- 
involvement environment Viewers are actually looking for 
recommendations rather than enduring an advertisement to 
watch a зћо 2 If viewers are actively looking for unique 
stock recommendations, we would not expect any threshold 
effect, јиз a rapid wearout effect For example, Busse and 
Green (2002) show that investors incorporate television 
stock recommendations from CNBC’s Opening Call and 
Midday Call almost instantly In addition, investors could 
have acted on previous recommendations, and already ћау- 


2Another difference 15 that Cramer 15 not a paid endorser In 
addition, traditionally, a message must have an identifiable spon- 
sor to be considered an advertisement (е g , American Marketing 
Association 1960) However, this demarcation is growing less 
relevant today as companies attempt to fly under the radar of skep- 
tical consumers by devising advertisements that are less 1dentifi- 
able and, at times, completely covert (e g , Dahlén and Edenius 
2007) 


ing a stock in their portfolio could deter them from acting 
on the recommendation again 3 


H, Market reaction to an initial stock recommendation 1s 
stronger than it 1s to subsequent recommendations 


Information Processing 


We hypothesize that several factors related to the 
information-processing environment of the Mad Money 
show are related to abnormal returns These include the 
presence of primacy and recency effects, clutter and compe- 
tition from concurrent recommendations, and message 
length We discuss each ın turn 


Primacy-recency effects Pieters and Bijmolt (1997) 
find that there are modest recall advantages associated with 
first (last) commercials 1n a block of television commer- 
cials, indicating the presence of primacy (recency) effects 
Webb and Ray (1979) find that 70% of people 1n their sam- 
ple exhibited recall patterns that were consistent with a pri- 
macy effect We hypothesize that similar effects increase 
the size of abnormal returns following individual recom- 
mendations because it 1s more likely that individual 
investors will act on recommendations that are more readily 
retrievable from memory 


Н, The primacy effect of stock pick order 1s associated with a 
stronger market response 

Н; The recency effect of stock pick order 1s associated with a 
stronger market response 


Clutter and competition Stocks ın the same 1ndustry/ 
market segment may compete for an individual investor’s 
attention because of industry knowledge or expectations 
regarding sector performance The presence of competing 
stock picks in general (regardless of sector membership) 1s 
likely to reduce the chances of an individual stock being 
purchased by the viewers Here, we draw the connection 
with the work of Burke and Srull (1988), who show that the 
presence of competitive advertising affects consumer 
memory 

Advertising clutter can create consumer overload, 
decrease viewer attention span, and interfere with cognitive 
responses (Keller 1987, 1991, Webb 1979, Zhao 1997) 
Marketing literature finds that, in general, recall for 
commercials/brands decreases as clutter increases (Webb 
1979, Webb and Ray 1979) Webb and Ray (1979) find that 
1n unaided recall situations, people can recall only a certain 
number of advertised brands, regardless of how many com- 
mercials they view Kent and Allen (1993) show that 
competitive clutter substantially reduces brand name recall 
scores Although there 1s convincing evidence that clutter 
interferes with advertising effectiveness, its effects may not 
transfer to television stock recommendations Webb (1979) 


3To control for portfolio effects associated with previous recom- 
mendations for the repeat stocks, we introduce the coverage 1nten- 
sity variable that captures the number of times the stock has been 
recommended by Cramer divided by the number of days since his 
first recommendation 


finds that the detriment from clutter 1s present only 1n low- 
involvement situations (for a detailed summary of clutter- 
related advertising studies, see Brown and Rothschild 
1993) Engelberg, Sasseville, and Williams (2007) examine 
the effect of the number of non-Lightning Round (we dis- 
cuss these Mad Money segment designations ın greater 
detail in the “Data” section) recommendations on the next- 
day price abnormality and find a negative but nonsignificant 
relationship 


Н; An increase 1n the number of total recommendations 1n 
the same show decreases the response to a 
recommendation 

Н; An increase in the number of simular (1 e , same industry) 
recommendations in the same show decreases the 
response to a recommendation 


Message length As late as 1965, most US television 
commercials were 60 seconds 1п length By the 1980s, 
94 6% were 30-second commercials Now, the mix 15 
approximately 38% 15-second commercials and 54% 30- 
second commercials (Television Bureau of Advertising 
2009) This finding indicates that many advertising profes- 
sionals did not believe that the extra length was worth the 
cost, and it 1s consistent with research conducted at the ште 
30-second commercials were introduced (е g, Wheatley 
1968), which found only directionally, but not significantly, 
stronger results 1n terms of brand recall, attitude change, ог 
product desire for 60-second versus 30-second commer- 
cials In contrast, Anand and Sternthal (1990) find support 
for the general notion that the time available for message 
processing influences the effectiveness of the message, and 
Pieters and Вутој (1997) find that both duration of the 
commercial and competition from other commercials 1n the 
same block influence recall 

Previous research on the response to Mad Money rec- 
ommendations has found some evidence of a relationship 
between message length and size of response Engelberg, 
Sasseville, and Williams (2007) find a 2% lower (p « 01) 
response to recommendations 1n the highly condensed 
Lightning Round segment than ın the non-Lightning Round 
segments Lim and Rosario (2008) compare the responses 
to the caller-initiated versus host-initiated picks and find 
that the abnormal returns are more pronounced for more 
elaborate host-1nitiated recommendations However, 1n both 
studies, message length 1s confounded with whether the rec- 
ommendation was viewer- or host-initiated because the 
Lightning Round and Sudden Death segments contain pri- 
marily less elaborate and viewer-initiated picks Still, in the 
context of Mad Money, there are three reasons to expect that 
the more elaborate recommendations should be associated 
with stronger investor reaction Furst, the message 1s longer, 
giving more time for information processing Second, there 
are typically fewer stocks in this program segment and, 
therefore, less clutter Third, these are stocks that Cramer 
has thought about 1п more detail We provide a more 
nuanced examination of this issue by identifying more 
detailed and lengthy recommendations that are classified as 
Special Mention, regardless of the segment they appear 1n, 
and by modeling the response for each segment of the 
program 


Impact of Mad Money Stock Recommendations / 247 


Hg Market response to more (less) elaborate recommenda- 
tions 1s stronger (weaker) 


Reach 


Even with a lot of on- and offline word-of-mouth activity 
surrounding Cramer’s recommendations, it 1s reasonable to 
assume that the more people who watch the show, the 
greater 1s the 1mpact of his message, and the larger 1s the 
size of the naive investor pool exposed to his recommenda- 
tions Therefore, we hypothesize that greater reach 15 asso- 
ciated with greater stock price reaction Previous literature 
(Engelberg, Sasseville, and Williams 2007) has found only 
directional, but not statistically significant, support for this 
hypothesis 


H4 The size of the television audience 1s positively associated 
with market response 


Source Credibility and Leaning 


Finally, we examine the aspects related to source credibility 
(Hovland, Janis, and Kelley 1953) and learning In particu- 
lar, we examine the classic dimensions of perceived source 
credibility expertise and trustworthiness Expertise 1n this 
setting could be defined as the host’s track record on a 
particular security, and overall trustworthiness could be 
inferred from the consistency of the host's position on a 
particular stock as well as the overall historical perfor- 
mance We also take on a learning perspective and argue 
that 1nvestors not only pay attention to various credibility 
considerations but also learn ın response to persistent 
wealth redistribution from naive to informed investors 


Negative conditioning If price movements are exploited 
by institutional players and 1f individual investors learn that 
price shifts following Cramer’s recommendations are tem- 
porary and thus lose their trust 1n the host, the negative con- 
ditioning will make these investors less likely to follow 
future recommendations As first suggested by Engelberg, 
Sasseville, and Williams (2006, 2007), we hypothesize that 
the large price jumps that follow tbe earlier broadcasts sub- 
side over time because of the influence of informed arbi- 
trage players and gradual naive investor learning evoked by 
such strategies 

Moreover, when investors are led to believe that stock 
prices will increase, but they actually decrease after pur- 
chase, the situation 1s akin to the impact of deceptive or 
false advertising, which has been studied by marketing 
scholars In the marketing literature (1e , Olson and Dover 
1978, p 30), deception is “considered to occur when con- 
sumers acquire demonstrably false beliefs as a function of 
exposure to an advertisement” In a longitudinal experi- 
ment, Olson and Dover (1978) demonstrate that false claims 
and subsequent product trial result in significant reduction 
1n pretrial purchase intentions 


Hg The magnitude of stock price fluctuations induced by the 
show declines over time 


Historical accuracy Although Cramer 1s not explicitly 
trying to sell anything, his brand and credibility are depen- 
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dent on the correctness of his picks because they are tied to 
his perceived expertise If investors are engaged 1n learning 
(Erdem and Keane 1996), we expect them to update their 
assessment of Cramer’s expertise on particular stocks This 
would make them more likely to react positively to a par- 
ticular stock recommendation when his previous recom- 
mendations have been successful 


Hg Accuracy of the host’s previous pick for a given stock 
influences the strength of market response 


Recommendation reversals We also examme the impact 
of recommendation reversal and its interaction with the 
accuracy of previous predictions, which has not been con- 
sidered in previous studies Recommendation reversals are 
often confusing for naive investors, and they also affect the 
trustworthiness of the host In marketing literature, attribu- 
tion theory 1s often used to explain consumer reaction to 
various unexpected occurrences, this theory suggests that 
the perceived reason for an event influences consumer moti- 
vation and subsequent behavior (Bettman 1979) This 
framework has helped shed light on various marketing 
issues, for example, several studies successfully use this 
approach to predict consumer reactions to product failure 
(eg, Folkes 1984) McGill (1991) points out that con- 
sumers’ attribution for product failure varies with causal 
background If a stock-picking service 1s viewed as a prod- 
uct, an inaccurate pick would be sumilar to a product failure 
Therefore, the background information must be consid- 
ered—for example, whether a previous recommendation on 
the stock was correct and whether a reversal 15 an адти- 
tance of a mistake or just an acknowledgment of a changing 
environment When future price movements contradict one 
of the host’s previous recommendations, a subsequent rec- 
ommendation reversal could lead either to strong investor 
reaction or to the loss of credibility on the part of the host 

Recommendation reversals share similarities with a 
political candidate’s policy changes Political science Шега- 
ture finds that, among other things, policy changes increase 
voter uncertainty (Alvarez and Nagler 2002) Tavits (2007) 
differentiates between different political domains and 
argues that policy reversals could be rewarded (punished) 
by voters when the underlying issue 1s pragmatic (1deologi- 
cal) Policy reversals on pragmatic issues are perceived as 
signs of flexibility and adaptation to changing economic 
conditions, whereas reversals that strike a voter’s 1deologi- 
cal cord are perceived as signs of inconsistency, thus under- 
muning candidates’ credibility and voter rapport If viewers 
take a pragmatic perspective, they could regard reversals as 
necessary adaptations to changing conditions These rever- 
sals will be taken seriously by investors 1f they infer that 
new information was sufficiently persuasive to cause 
Cramer to reverse his previous recommendation. Alterna- 
tively, 1f viewers do not take a pragmatic stance, recommen- 
dation reversals could undermine the host's credibility and 
make investors doubt his expertise when it comes to a par- 
ticular security (which could later turn 1nto distrust of the 
show 1n general) 


Hio When the host reverses his recommendation on a stock, 
the resulting stock price change 1s greater than the one 


that would have taken place on а repeated 
recommendation 

H,; Accuracy of previous prediction moderates market 
response to recommendation reversals 


Control Variables 


The general level of awareness of a stock may influence the 
level of postrecommendation response regardless of the 
number of previous exposures Finance literature points out 
that familiarity fuels investment (Huberman 2001), there- 
fore, investors may have more confidence 1n buying stock 1n 
a company that they are already familiar with when Cramer 
recommends it Similarly, marketing literature points out 
that advertising for familiar brands attracts the largest 
amount of attention to the advertised brand, which improves 
subsequent brand memory (Pieters, Warlop, and Wedel 
2002) 

However, it 1s more likely that if the stock is well 
known, investors will perceive fewer opportunities to beat 
the market If "noise traders” search for “unique” 1nforma- 
tion, they would be more likely to respond to recommenda- 
tions of relatively unknown stocks It 1s also possible that 
recommendations for unknown stocks would be more effec- 
tive because of the lack of preconceived notions about 
them Such findings would echo those of Winter (1973), 
who finds that advertising can produce significant attitude 
change only in people initially unfamiliar with the brand 

“Popular” stocks have the highest following by analysts 
and the highest percentage ownership by institutional 
investors and market makers 4 These informed investors are 
the most likely candidates to exploit the market 1nefficien- 
cies created by individual investors These more liquid and 
widely traded stocks also have low limits to arbitrage 
Therefore, we expect these stocks to be less susceptible to 
recommendations At the same time, “speculative” stocks 
(ер, stocks with higher turnover) are more susceptible to 
recommendations because of the low institutional. owner- 
ship and higher overall volatility Therefore, we control for 
preevent market capitalization and turnover rates We also 
control for possible day-of-the-week effects and/or memory 
decay by creating a set of weekday dummy vanables and a 
variable that captures the number of days between the гес- 
ommendation and market opening 

Security prices could influence the size of inefficiencies 
produced by the show Investors may view "cheaper" stocks 
as bargains Even after controlling for market cap, which 
would capture the potentially higher limits to arbitrage and 
reduced liquidity associated with “cheaper” stocks, we 
expect these stocks to be associated with higher 1nefficien- 
cies In addition, we control for whether Jim Cramer owns 
the security 1n question (as a part of his charitable trust) 
because this factor may raise some trust 1ssues on the part 
of investors Finally, because trading mechanisms, volatil- 
ity, and spreads differ across exchanges, we view the 
exchange on which a given security 1s traded as a factor in 
determining the size of market abnormality 


4[n this study, we use market capitalization as a measure of 
stock popularity 


Data 


Mad Money Data 


We obtained the recommendations data from a 
subscription-based Mad Money recap provider (1e, an 
independent Web site that captures the recommendations 
appearing on Mad Money) This site supplies detailed daily 
recaps of the show This data source has several advantages 
(1) It operates independently from Mad Money, (2) 1t recaps 
the recommendations 1n the order 1n which they appear on 
the program (many other recap providers disseminate seg- 
ment information in alphabetical order), and (3) the 
provider creates special designations for some stocks, 
which eliminates the need for the use of researcher judg- 
ment 1n classifying the recommendations (е g , a “Special 
Mention" designation indicates that Jum Cramer discussed 
the stock 1n detail) 

We analyze recommendations across different segments 
of the show The Executive Interview segment 1s the most 
detailed segment With rare exceptions (which we exclude 
from our data set because these instances do not translate 
1nto buy recommendations), chief executive officers (CEOs) 
provide an upbeat view of the market and a positive com- 
pany outlook Cramer opens and wraps the show with fairly 
detailed discussions of select stocks Therefore, we discuss 
the recommendations that appear in the Opening (also 
referred to as First") and Closing segments of the show ın 
greater detail The Main segment 1s the segment during 
which the stocks receive an average amount of attention, 
our regression analysis treats these stocks as the base cate- 
gory In both the Lightning Round and the Sudden Death 
segments, the host provides a fast-paced series of stock 
picks (many of them are in response to viewers' calls 
regarding a recommendation on a specific security, and 
Cramer quickly responds with his opinion) The difference 
between the two segments 1s that the Lightning Round takes 
place ın the beginning of the show and Sudden Death 
appears at the end We exclude the “Am I Diversified?" seg- 
ment of the program because the recommendations рго- 
vided in this segment are specific to the caller portfolio 

We also include special designations by the recap 
provider ш the analysis because they represent the average 
depth of recommendations associated with these groupings 
Some stocks are designated as “‘Mon Back” stocks (Jim 
Cramer's term for “Стоп back"), suggesting that Cramer 
would back up the truck and load it up with stock Some 
stocks receive a “Special Mention" designation, indicating 
that the stock received special attention from Cramer 1n 
terms of time spent discussing it and the strength of his 
opinion These stocks are not the same as “Special Discus- 
sion” stocks that Engelberg, Sasseville, and Williams 
(2007) mention They use this term to describe non- 
Lightning Round stocks In our sample, Special Mention 1s 
the designation given by the third party These are the 
stocks the recap provider recognizes as having received spe- 
cial attention/endorsement from the host (they appear 
across all segments of the show, including Lightning Round 
and Sudden Death, however, they are underrepresented in 
these segments) In addition, we capture a special designa- 
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tion for the stocks that are part of Jim Cramer’s charitable 
trust portfolio 

This study uses 8269 unambiguous buy recommenda- 
tions for stocks trading on NASDAQ, AMEX, or NYSE that 
aired between November 1, 2005, and July 31, 2007 We 
used sell recommendations that aired during the same 
period to estimate the variables pertaining to coverage 
intensity, accuracy of previous recommendations, and rec- 
ommendation reversals for buy recommendations Of the 
initial 8269 buy recommendations, we carried out our 
regressions analysis on the 8160 observations that had 
enough data for the estimation period, as specified ın the 
*Event Study" section 


Television Ratings Data 


We purchased daily television ratings data for the Mad 
Money show from Nielsen Media Research The data cover 
the same period as our stock picks database 


Financial Data 


We obtained all financial data from the Center for Research 
in Security Prices (CRSP) We carried out the event study— 
related portion of the analysis using Eventus software We 
accessed both financial data and Eventus software through 
Wharton Research Data Services 


Event Study 


Event studies have become a popular tool in several fields 
beyond finance (Balasubramanian, Mathur, and Thakur 
2005, Kalaignanam, Shankar, and Varadarajan 2007) They 
have been used to enhance the understanding of various 
marketing domains, such as brand equity (Simon and Sulh- 
van 1993), product placement (Wiles and Danielova 2009), 
product innovation (е g , Chan, Lakonishok, and Sougiannis 
2001, Chaney, Devinney, and Winer 1991, Eliashberg and 
Robertson 1988, Sharma and Lacey 2004, Sood and Tellis 
2009), celebrity endorsements (Agarwal and Kamakura 
1995), and customer service (Balasubramanian, Mathur, 
and Thakur 2005) 

This approach uses the returns of the market portfolio as 
a benchmark for normal returns and then detects any devia- 
tions from it We assume that the event (or recommenda- 
tion) takes place at t = 0 (see Figure 2) We use a 100-day 
estimation window (between days —145 and –46) to esti- 
mate the normal or expected return and use the (—10, 20) 
event window when we analyze the pattern of abnormal 


FIGURE 2 
Event Study Timeline 
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returns associated with recommendations We use this 
broader event window to provide a direct comparison with 
the only published study on Mad Money recommendations 
by Neumann and Kenny (2007), who use the same event 
window while demonstrating the overall pattern of abnor- 
mal returns Because Cramer makes his recommendations 
after the close of the market at 6 00 PM , we are particularly 
interested ın the next-day abnormal return, or the (1, 1) 
event window This approach 1s consistent with previous 
research that points out that the impact of recommendations 
1$ 1ncorporated 1nto prices within the first few trades during 
the next trading session, and the best way to measure the 
impact of media recommendations 1s to consider the (1, 1) 
event window (e g , Neumann and Kenny 2007, Рап 1987) 

Following Campbell, Lo, and МасКијау (1997), we 
define the abnormal return as the actual ex post return of the 
secunty over the event window less the normal return of the 
firm over the event window The normal return is the 
expected return if the event (recommendation) did not take 
place For each firm 1 and event date 7, 


(D AR = Ru - EIR |X], 


where AR; Ry, and E[R,] are the abnormal, actual, and 
normal returns, respectively, and X, 1s the conditioning 
information to determine normal performance We begin 
with the most common variation of the normal return 
model, known as the “market model” (for a detailed 
description of applications within the marketing domain, 
see Srinivasan and Bharadwaj 2004) 


(2) Ry = о, +В Rmt + £y; 


1 пи 
where 


Ка = the return of stock 1 at time t, 
Rit =the monthly return on the CRSP equally 
weighted index, 
В, = а measure of stock 1’s sensitivity to market 
changes, and 
ги = the error term 


However, 1t has been recommended to find a model that 
best fits the market to make the event study more efficient 
(Srinivasan and Bharadwaj 2004) Fama and French (1996) 
propose a multifactor model that explains several asset- 
pricing anomalies that exist 1n the market 


(3) R, =, +B Rmt + s,SMB, + h,HML, + Ер» 
where the two additional factors are related to market 
anomalies with respect to stocks of different market capi- 
talization and value versus growth stocks 


SMB, = ће difference between average returns of 
small and large cap portfolios, and 

HML, = the difference between average returns on high 
versus low B/M portfolios 5 


The Fama-French three-factor model captures the majority 
of market inefficiencies, but 1t fails to capture momentum 
(Carhart 1997) Therefore, we incorporate Carhart’s (1997) 





5Portfolios are formed on the basis of book-to-market ratios 


momentum factor The resulting equation 1s known as the 
four-factor model 


(4) БК, =0, + B,R,, * s,SMB, +h,HML, +u,UMD, + &, 
where UMD, 1s the average return on high-performing port- 
folios less the average return on low-return portfolios 
Using the four-factor model, we define abnormal returns as 
follows 


(5) AR, = Ку — (8, * B,R,, + $SMB, + h,HML, + 6,UMD,), 
where б, B.. 5, ћ, and 8, аге generalized autoregressive 
conditional heteroskedasticity (GARCH) (1, 1) estimates of 
05, В, Sp ћ, and u, 

We use a GARCH (1, 1) model (as suggested by Boller- 
slev 1986) because it allows the conditional variance to 
change as a function of the past-realized residuals and past 
variances Boehmer, Musumeci, and Poulsen (1991) and 
Corhay and Tourani-Rad (1996) present evidence that this 
method provides more efficient estimators of regression 
parameters and leads to more robust conclusions than the 
traditional event study methodology 

In addition to estimating abnormal returns using Equa- 
tion 5 over the (—0, 20) window, we examine the preshow 
price buildup in the (–10, 0) window and the day following 
the show (1, 1), and we evaluate the postreaction price drift 
by studying the postevent window (2, 20) We also conduct 
a volume-based event study, 1n which daily volume data are 
centered on a single date for each firm (for details, see 
Campbell and Wasley 1996) Volume event studies are simi- 
lar to the market model event studies described in Equation 
2, except that we use log-transformed volume data (1 e , log- 
transformed percentages of shares outstanding) in place of 
the returns 


Tests 


Statistical Tests of Abnormal Returns 

We use several tests to identify the significance of resulting 
inefficiencies We use a traditional time-series standard 
deviation t-test (Brown and Warner 1985) to detect the sig- 
nificance of the abnormal returns over a specified time 
frame We use various other tests to ensure that our results 
are not driven by event-induced volatility We use a stan- 
dardized cross-sectional test that 1s better suited for detect- 
ing return abnormalities than the conventional standard 
deviation test 1n the presence of autocorrelation, event clus- 
tering, and event-induced heteroskedasticity In these set- 
tings, 1t 15 more powerful than the Brown—Warner test while 
being equally well specified (Boehmer, Musumeci, and 
Poulsen 1991) The generalized sign test uses a normal 
approximation to the binomial distribution and determines 
whether the differences 1n the number of positive and nega- 
tive returns are significant at the desired confidence level 
(for details, see Cowan 1992, Sprent 1989) 


Accessing the Impact of Volatility Changes 


In addition to using tests that are robust to event-induced 
volatility changes, we use a supplemental model that explic- 
itly incorporates such volatility changes across different 


event windows Following Mathur and colleagues (2002), 
we estimate a multivariate regression model (MRM) based 
on Zellner's (1962) seemingly unrelated regression method 
The following model explicitly recognizes the possible 
shifts 1n volatility coefficients 


^ ^ Зз ° ck 
(9 x =â tiD, br + BD) e E Da + DY OD +e 


where 


r, = the rate of return of the portfolio of firm returns 
for day t, 
mkt = the rate of return on the market index, 
4 = regression constant up to the announcement date, 
a’ = shift 1n regression constant in the postevent 
period, 
b =systematic risk coefficient during the event 
period, 
Б = shift in systematic risk coefficient during the 
(—10, 20) event period, 
6” = shift in systematic risk coefficient during the 
postevent period, 
Do = shift information dummy variable equal to 1 if 
during the (—10, 20) period, 
D, = shift information dummy variable equal to 1 if 
during the postevent period, 
D, = shift information dummy variable for each event 
window (—10, 0), (1, 1), and (2, 20), and 
С, =abnormal return coefficient for each event 
window (—10, 0), (1, 1), and (2, 20) 


Again following Mathur and colleagues (2002), we use 
White’s (1982) procedure to correct for heteroskedasticity 
in residuals If identified abnormal returns are not influ- 
enced by event-induced volatility, the returns for different 
event windows would be consistent across the stable beta 
model and the MRM 1n which beta 1s allowed to shift across 
volatility regimes 


Results of Event Study 


Overall Patten of Abnormal Returns 


We replicated previous research by examining the abnormal 
price fluctuations associated with all the buy recommenda- 
tions that appear on the show Consistent with previous 
research (eg, Engelberg, Sasseville, and Williams 2006, 
2007, Lim and Rosario 2008), we find that stocks recom- 
mended during the show experienced abnormal returns 
before the recommendation (see Figure 3) We find a sig- 
nificant abnormal return of 50% on the day following buy 
recommendations (see Table 1), however, starting with Day 
2, there is a significant drop in security prices because the 
unwarranted sharp price increase triggers a profit-taking 
sell-off by informed investors It takes the stocks between 
six and seven trading sessions to return to their prerecom- 
mendation values Although Jim Cramer himself warns 
viewers against immediately acting on his recommenda- 
tions and suggests that investors do their own due diligence 
(Cramer 2006), the data show that investors immediately 
“Jump” on his recommendations and lose money (at least ın 
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FIGURE 3 
Cumulative Abnormal Returns (CARs) Following Mad Money Buy Recommendations 
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TABLE 1 
Mean Cumulative Abnormal Return (CAR) for Buy Recommendations (Fama—French Momentum Time- 


Series Model, Equally Weighted Index, GARCH [1, 1] Error Structure) 
— ————-—.—.—.———с-——— 


Positive: Portfolio Time- Cross-Sectional Generalized 
Days N CAR Negative Series (CDA) t t Sign z 
(-10, 0) 8160 96% 4394 3766* 12 936* 9 269* 10 997" 
(1, 1) 8160 50% 4425 3735* 22 316* 16 587“ 11 685" 
(2, 20) 8159 —1 49% 3551 4608* —15 335“ —13 720“ —7 675" 
*p< 001 


Notes CDA = crude dependence adjustment 


the short run) as a result Prices continue to fall far below 
the prerecommendation levels to their pre-run-up values 
This indicates that the preshow run-up may not be driven by 
fundamentals either and that Cramer’s endorsement (which 
possibly brings more scrutiny to the stocks) drives stock 
prices down closer to their intrinsic values (for daily abnor- 
mal return information, see Table 2) 

A legitimate question to ask 1s why the informed 
investors do not immediately correct these large show- 
induced inefficiencies It 1s possible that institutional 
investors pay attention to momentum considerations and 
therefore are initially reluctant to short-sell the stocks that 
have been climbing for a period of time There are also 
numerous constraints on the actions of the short-sellers 
Diamond and Verrecchia (1987) and Senchack and Starks 
(1993) address the effect of short-selling constraints on 
price reactions Short-sales constraints include direct mone- 
tary costs of borrowing shares, the difficulty of establishing 
a short position (e g , insufficient pool of shares to borrow), 
forced covering of short positions, potential short squeeze, 
and so forth These and other factors interfere with 1mmedi- 
ate price adjustments and prevent informed investors from 
completely trading away inefficiencies induced by the 
show It may also be questioned why uninformed investors 
allow the preevent run-up We suspect that the run-up could 
be caused by information leakage regarding a future recom- 
mendation (as suggested by Engelberg, Sasseville, and 
Williams 2006), or it could be attributable to contaminating 
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events taking place within the event window, we explore 
this latter possibility subsequently 


Robustness Checks 


We performed robustness checks on the equally weighted 
four-factor model used 1n this study by varying model 
specifications Alterations ın model specification (market, 
three-, and four-factor), estimation method (ordinary least 
squares or GARCH [1, 1]), and weighting scheme (value 
versus equal weighting index) did not have a material influ- 
ence on the findings Neither did the length of the езшта- 
tion period (255 days versus 100 days) 

Furthermore, we estimated the MRM described in 
Equation 6 In particular, we investigated whether the 
abnormal returns are driven by changes in volatility The 
results of the MRM model presented in Table 3 show that 
abnormal returns are not influenced by changes 1n the sys- 
tematic risk 

Neither the event nor the postevent beta shift coeffi- 
cients are significant, indicating that there 1s no change in 
underlying volatility Moreover, we get the same estimate 
for the abnormal return for the (1, 1) pertod compared with 
the models with a stable beta, 5%, on the day following the 
recommendation This model also detects the significant 
run-up during the (—10, 0) period and a significant decline 
during the (2, 20) period We also find a negative shift 1n the 
intercept after the event, indicating that the negative trend of 


TABLE 2 
Summary of Market Reaction to Buy Recommendations 











Standardized MAV 
Portfolio Time- Cross- Generalized (Significance 
Day N MAR CAR Series (CDA)t Sectional (z) Sign (z) of z) 
-10 8160 03% 03% 1 394t 1 251 1 6231 22 13%*** 
-9 8160 0296 05% 782 747 204 20 69%*** 
-8 8160 11% 16% 4 725*** 2 497** 1 889* 24 53%*** 
-7 8160 06% 22% 2 532** 2 383“ – 04 24 35%*** 
-6 8160 1096 3296 4 521*** 3 621*** 2 310“ 27 39%*** 
-5 8160 08% 40% 3 591*** 3 261*** 2 465** 27 46%*** 
-4 8160 03% 43% 1 193 1 033 — 328 27 18%*** 
-3 8160 09% 52% 3 899*** 3 305*** 2 842** 31 82%*** 
-2 8160 1096 62% 4 389*** 3 988*** 2 509** 34 04%*** 
-1i 8160 14% 76% 6 220*** 5 069*** 3 085** 38 36%*** 
0 8160 2296 98% 9 660*** 7 043*** 5 036*** 55 1296*** 
1 8160 50% 1 48% 22 316*** 16 587*** 11 685*** 73 13%*** 
2 8159 — 04% 1 4496 —1 801* —1 734* — 893 43 34%*** 
3 8158 — 08% 1 36% —3 596*** -3 420*** –2 989** 36 90%*** 
4 8158 — 07% 1 29% –3 267*** –3 288*** —1 5921 34 32%*** 
5 8159 — 09% 1 20% —4 095*** –3 730*** –2 755** 31 11%*** 
6 8159 — 09% 111% -4 071*** —4 175*** —4 307*** 27 55%*** 
7 8159 — 17% 94% -7 510*** -7 367*** —4 839*** 26 57%*** 
8 8158 — 06% 88% –2 883“ —2 893“ —1 3931 22 31%*** 
9 8158 — 07% 81% –3 167*** –3 038** -3 853*** 24 57%*** 
10 8158 — 04% 77% —1 931* —1 844“ —1 5261 24 31%*** 
11 8157 — 10% 67% —4 583*** —4 561*** —2 579** 21 44%*** 
12 8157 — 06% 61% –2 814“ –2 663** —1 094 23 47%*** 
13 8158 — 05% 56% -2 391“ —2 355** —1 659* 24 31%*** 
14 8158 — 05% 5196 —2 227* —2 143* —1 4371 27 38%*** 
15 8157 — 0696 4596 —2 628“ –2 474“ —1 2931 22 63%*** 
16 8157 — 07% 38% —9 355*** —3 374*** —2 912** 20 70%*** 
17 8157 — 11% 27% —4 924*** —4 776*** —4 796*** 22 94%*** 
18 8157 — 09% 18% —4 030*** –3 780*** —1 870“ 23 27%*** 
19 8156 — 12% 06% -5 553*** –5 229"** —4 276"** 23 58%*** 
20 8155 — 05% 01% –2 027* –1 873" — 984 23 77%*** 
tp« 10 
*p« 05 
“p< 01 
***p < 001 
Notes MAR = mean abnormal return, CAR = cumulative abnormal returns, CDA = crude dependence adjustment, апа МАУ = mean abnormal 
volume 
TABLE 3 
Results of the MRM Model 
Coefficients of the Information 
Constant Dummies 
Overall Post Overall Event Post 0(1, 1) D(-10, 0) D (2, 20) 
Estimates 0008 — 001 132 — 045 0050 0007 — 001 
T-statistic 29 57* —29 58* 36 95* —1 24 16 39* 774 —18 17* 
“p< 001 


postrecommendation price adjustment persists beyond the 
specified event window This long-term price adjustment 
could be related to the notion that viewers are calling about 
high-sentiment stocks that are traditionally associated with 
lower expected returns (Frazzini and Lamont 2008), and the 
show simply triggers the value-adjustment mechanism asso- 
ciated with these widely favored, overvalued securities We 
examined the long-term returns for these securities and 


found a significant downward adjustment of —4 74% during 
the six months following the recommendation 


Contaminated Events 


We conducted an additional analysis to ensure that the mar- 
ket reaction to Jim Cramer’s recommendations 15 not an 
artifact of his or his viewers’ stock selection metrics (ер, 
Cramer tends to recommend stocks just before the earnings 
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announcements) To control for all the contaminating fac- 
tors, we isolated a subsample of “clean” observations We 
opted for this approach rather than splitting the entire data 
set into clean and contaminated subsamples because of the 
time-consuming nature of identifying contaminated events 
We randomly selected 250 observations We defined a con- 
taminating event as any announcement of restructuring, 
merger and acquisition activity, dividends, earnings 
announcements, new product releases, new debt or equity 
issuance, executive team changes, or other material changes 
їп company operations (е g , announcement of a new gov- 
ernment contract or the clearance of a regulatory stage by a 
drug) A detailed analysis of press releases and Securities 
and Exchange Commission regulatory filings 1dentified 63 
(of 250) uncontaminated observations 

An event analysis for this clean subsample of observa- 
tions finds that there is no significant price run-up in the 
(-10, 0) event window The results of the contamination 
study indicate that much of the preevent run-up 1s attributa- 
ble to the selection criteria tied to contaminating events 
However, we are not able to conclude definitively that there 
is no leakage before stock recommendation, because it 1s 
possible that the leakages are strategically made around rec- 
ommendations that involve contaminating events Further 
Investigation 1s needed to completely rule out the leakage 
possibility 

The abnormal market reaction for the (1, 1) event win- 
dow in the clean subsample ıs 90% (t = 3 5, p < 01) This 
larger abnormal reaction could have occurred because (1) 
the impact of a recommendation 1s more easily identifiable 
1n hieu of other contaminating events and (2) the clean sub- 
sample contains a larger proportion of small cap stocks 
because, 1n general, large corporations had more contami- 
nating events 

After the announcement, stocks begin to gravitate to 
their preannouncement levels It takes them seven trading 
sessions to come back to their original price levels Overall, 


with the exception of the absence of the preevent run-up, 
the clean sample results are consistent with our findings for 
the overall sample Not only does the market react to Mad 
Money recommendations, but this reaction 1s also at least as 
large or even larger 1n absence of contaminating events 


Volume Event Study Results 


Table 2 presents a summary of the event-related daily trans- 
action volume reaction We find an abnormal increase in 
trading volume on the trading day following the buy recom- 
mendations Recommended stocks are already experiencing 
abnormal activity before the show, but the show further 
stimulates trading activity Note that for every day in the 
event window (—10, 20), the mean abnormal volume 1s posi- 
tive and significant (p < 0001) The day after the show airs, 
stocks experience a significant (p « 0001) abnormal trading 
volume increase of 73 13% (Figure 4 depicts daily abnor- 
mal trading volume) 


Buy Recommendations Across Different 
Segments 


Table 4 summarizes the event study results across different 
show segments and special designations The Main, Open- 
ing, and Closing segments are associated with abnormal 
returns of 1 07%, 1 23%, and 54%, respectively, on the day 
following the show The Main and Opening segments have 
a greater 1mpact than the Closing segment, which 1ndicates 
a possible presence of primacy effects or the viewers not 
watching until the end of the program Stocks in these more 
elaborate segments are associated with significantly higher 
next-day abnormal returns than stocks ın the less elaborate 
Lightning Round (20%) and Sudden Death ( 15%) 
segments 

Surprisingly, the stocks featured in the CEO Interview 
segment experience abnormal returns of approximately 
74% on the day of the show, which 1s followed by an 99% 
abnormal return on the day following the show, indicating 


FIGURE 4 
Mean Abnormal Volume (MAV) for Buy Recommendations 
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TABLE 4 
Mean Cumulative Abnormal Return (CAR) Across Different Segments and Designations 


Positive: Portfolio Time- Cross- Generalized 
Negative Series (CDA)t Sectional t Sign z 
411 293*** 6 574*** 4 360*** 5 534*** 
463 241*** 17 085*** 10 635*** 9 456*** 
305 399** —4 199*** —3 945*** —2 463** 
1003 660*** 10 663*** 9 234*** 10 108*** 
962 701*** 20 007*** 11 484*** 8 095*** 
747 915** —4 803*** —4 739*** —2 435** 
359 330* 3 376*** 3 559*** 2 194" 
400 289*** 6 113*** 5 988*** 5 321*** 
306 383" —2 112" —2 181“ —1 848“ 
75 57" 3 849*** 2 881** 1 994* 
87 45*** 5 984*** 4 752*** 4 085*** 
56 761 –2 308* —1 968* —1 3151 
2480 2327*** 6 270*** 4 040*** 5 450*** 
2455 2352*** 7 251*** 6 529*** 4 728*** 
2067 2740*** | -14411*** —12 109*** –6 477*** 
116 145 — 503 — 493 —1 039 
125 136 1187 912 077 
112 149t —2 144“ —1 986* —1 534t 
1462 1085*** 10 305*** 9 137*** 9 636*** 
1632 915*** 27 828*** 18 277*** 16 379*** 
1127 1420*** —6 678*** —6 844*** —3 652*** 
92 123t —3 021** –3 019** —1 3641 
139 76*** 5 190*** 5 319*** 5 056"** 
86 129* —2 962** —3 734*** —2 183" 


_——————————<—— === 


Group Days N CAR 
Opening (-10, 0) 704 1 58% 
Segment (+1, +1) 704 123% 
(+2, +20) 704 —1 32% 
Main Segment (710, 0) 1663 1 89% 
(+1, +1) 1663 107% 
(+2, +20) 1662 —1 12% 
Closing (-10, 0) 689 99% 
Segment (+1, +1) 689 54% 
(+2, +20) 689 – 81% 
CEO Interview (10, 0) 132 211% 
(+1, +1) 132 99% 
(+2, +20) 132 —1 66% 
Lightning (710, 0) 4807 58% 
Round (+1, +1) 4807 20% 
(+2, +20) 4807 —1 75% 
Sudden Death (-10, 0) 261 — 20% 
(+1, +1) 261 15% 
(+2, +20) 261 —1 14% 
Special (—10, 0) 2547 1 5696 
Mention (+1, +1) 2547 127% 
(42, +20) 2547 —1 33% 
‘Mon Back (-10, 0) 215 —1 68% 
(+1, +1) 215 87% 
(+2, +20) 215 —2 17% 
tp< 10 
*p« 05 
**p « 01 
кер < 001 


Notes CDA = crude dependence adjustment 


either that Cramer contacts the CEOs of companies on the 
move or that show appearances require advanced schedul- 
ing and information about the CEO’s visit gets leaked 

As we expected, stocks that the recap provider has clas- 
sified as Special Mention get the biggest boost the day after 
the show airs (1 27%) ‘Mon Back stocks also receive а 
relatively large boost ( 8796), however, investors are a bit 
cautious despite the host's strong endorsement because 
these are often stocks that Cramer suggests have bottomed 
out (indicating that some investors are too conservative to 
use a “catching the falling knife” strategy) 


Initial Versus Repeat Recommendations (H;) 


We could not obtain a sample of initial recommendations 
only, because the show started airing 1n March 2005 and our 
sample starts 1n November 2005 However, we separated 
our sample into the first observation for a particular security 
versus repeat recommendations for the same secunty The 
first subsample contains all first-time recommendations that 
aired during the observed period (we refer to this subsample 
as “initial” recommendations) The results of the analysis 
across the two subsamples appear in Table 5 Consistent 
with Hj, the next-day stock market increase for the initial 
recommendations 1s 1 42%, which 1s significantly higher 
than the 36% average for the repeat recommendations 6 
Overall, our results provide strong support for Hj 





6Mean comparison 1s significant at a 99 9% level 


Furthermore, the 142% estimate 1s conservative 
because some of the recommendations in our initial recom- 
mendation sample are repeat recommendations (Engelberg, 
Sasseville, and Williams’s [2007] estimate for initial recom- 
mendations was twice as large) Preshow price buildup 18 
more pronounced for initial-recommendation stocks (price 
increases are probably the reason the stocks catch the view- 
ers’ and host’s attention) In the (—10, 0) event window, 1n1- 
tial (repeat) recommendations gain 2 02% ( 80%) In addi- 
tion to the next-day price increase and preshow buildup 
differences, it takes initial-recommendation stocks much 
longer (approximately 17 trading sessions) to bounce back 
to the preshow levels (it takes repeat-recommendation 
stocks only 5 to 6 sessions) Because of these differences 
and factors related to historical accuracy and recommenda- 
tions reversals (which are applicable to repeat recommenda- 
tions only), we analyze the impact of message factors on 
these two types of recommendations separately 


Regression Analysis 


We test H.-H), by estimating two regression equations, one 
for the initial- and one for the repeat-recommendations 
sample Because our goal is to determine the factors that 
drive the size of abnormalities, we estimate a regression 
with the abnormal return on the first market day following 
the buy recommendation (1 e , event window [1, 1]), AR, as 
a dependent variable, and the variables corresponding to our 
conceptual framework as the independent predictors For all 
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TABLE 5 


Initial Versus Repeat Buy Recommendations 
eee 


Positive: Portfolio Time- Cross-Sectional Generalized 
Days N Mean CAR Negative Series (CDA) t t Sign z 
Initial Recommendations 
(—10, 0) 1069 2 0296 633 436* 9 209* 4 868* 7 340* 
(+1, +1) 1069 142% 683 386" 21 471* 12 293* 10 401* 
(+2, +20) 1069 —1 5196 460 609* —5 215* —4 658* -3 251" 
Repeat Recommendations 
(710, 0) 7091 8096 3761 3330* 9 874* 7 897* 8 947* 
(+1, +1) 7091 36% 3742 3349* 14 744" 12 171" 8 495" 
(+2, +20) 7090 —1 49% 3091 3999“ —14 041“ —12 926" -6 971" 
*p « 001 
Notes CAR - cumulative abnormal return CDA - crude dependence adjustment 
initial buy recommendations, we specify the following + Brum TURNOVER, ¢ _ | 


model 
(7) AR, = B, PRIMACY,, + Bec RECENCY, o 
+ Betutter CLUTTER OVERALL у 
+ Вас сы CLUTTER _SIC o 
+ ByySPECIAL _MENTION,, + B MON. BACK, 
+ V B SEGMENT, + Вузу VIEWERS, 


J 
+ Bg EVENT. DATE, 


+ BG SHARE. PRICE,, ; + Brum TURNOVER ,_1) 
+ Bc,,LN(MARKET, CAP. р) 
+ Buysg NYSE, + Bamex AMEX 
+ Bown CRAMER _OWNS o 
+ B5 MEMORY _DECAY,, +1, 
For all repeat buy recommendations separately, we estimate 
the following model 
(8 AR, = B, PRIMACY,, +B,,,.RECENCY, o 
+ Bei CLUTTER, OVERALL,o 
+ Вас. Clutter CLUTTER _SIC,, 
+ Ba, SPECIAL _MENTION,9 + ВувМом _ВАСК „ 
+ У B,SEGMENT,, + Вук VIEWERS, 


J 
+ Bye EVENT, РАТЕ o 


+ Bca RETURN, SINCE, LAST, 

+ B,,,RECOMMENDATION _ REVERSAL,, 
+ B, RECOMMENDATION _ REVERSAL o 
x RETURN, SINCE. LAST, 

+ В, SHARE. PRICE, _ p 
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+ Be, LN(MARKET, CAP an Puysg NYSE, 
+ Bampx4MEX,, +В 
+ By MEMORY _ DECAY, 


CRAMER _OWNS,, 


own 


+ BeyCOVERAGE _ INTENSITY,» + 1, 


Independent variables include factors related to information 
processing (eg, recency and primacy dummy variables, 
variables representing overall and Standard Industrial 
Classification-specific [SIC-specific] clutter), the show's 
reach, and whether the recommendation had a Special Men- 
tion designation In addition, we capture the date of recom- 
mendation, the exchange on which the security was traded 
at the time of recommendation, share price, turnover, and 
the market cap characteristics associated with a particular 
security For repeat recommendations, we also include 
variables that represent the accuracy of the host’s previous 
predictions Appendix A presents the summary of all the 
variables used 1n this study A correlation table for Model 6 
(7) 1s in Appendix B (C) Descriptive statistics are in 
Appendix D 


Results of Regression Analysis 


Tables 6 and 7 summarize the regression results for Models 
6 and 7 In addition to the specified model, we estimated 
models that omitted the Special Mention designation as an 
explanatory variable We do not present the results of these 
models here (because these models are inferior to the mod- 
els we summarize based on the incremental F-test [p < 
001], but it 1s worth noting that they support the presence 
of strong between-segment differences that disappear when 
the Special Mention variable 1s introduced 


Information-Processing Effects 


Н; and Нз, which deal with primacy and recency effects, 
are both supported We find convincing evidence for the 
existence of primacy effects because they are significant 
(p < 001) for both 1nit1al and repeat recommendations We 
also find evidence of a significant (p « 05) recency effect in 
the repeat-recommendations sample Similar to Pieters and 


Bymolt (1997), we find that primacy effects are stronger 
than recency effects 

Clutter There 1s some support for H4 because overall 
information clutter marginally contributes to reducing the 
size of the market 1nefficiency following repeat buy recom- 
mendations (p < 10) However, overall clutter 15 not signifi- 
cant for initial recommendations In addition, contrary to 
Hs, clutter from similar (same SIC header code) picks 1s 
positively associated with the size of the inefficiency (p < 
02) Although this finding 1s surprising from an 
1nformation-processing point of view, 1t could be explained 
by the host’s tendency to talk about potentially attractive 
segments and to bring up several stocks he finds particularly 
promising These positive remarks about the industry may 
create elaboration rather than clutter 


Message length There 1s strong support for Не, regard- 
ing the relationship between message length and the size of 
the abnormal return In both regressions, when a recom- 
mendation 15 given a Special Mention designation, the 
resulting abnormal return 1s significantly higher (p < 001) 
In the inttial-buy regression, none of the segment variables 
are significant, indicating that only message length, and not 
the segment of the show 1n which it appears or the source of 
the pick (1e, user- or host-generated), bas an 1mpact In 
contrast, in the repeat-buy regressions, there 15 a positive 
coefficient for the Lightning Round and Sudden Death seg- 


ments (which investors tend to favor) and a negative coeffi- 
cient for the Closing segment 7 Therefore, after controlling 
for the amount of attention given to each stock, we pick up 
signs of viewer preference for different segment formats In 
summary, the strong impact of being a Special Mention 
stock supports Не, that more elaborate recommendations 
are associated with larger market inefficiencies 


Reach 


We also find some evidence on the size of audience effects 
The Number of Viewers variable 18 marginally significant in 
the repeat-recommendation model 8 This provides marginal 
support for H7 


Source Credibility and Learning Effects 


There 15 mixed evidence for Hg, that global learning 1s tak- 
ing place We find that the tume variable 1s significant (p < 





7This 1s not surprising, given that Sudden Death 1s a new seg- 
ment that was designed to stop the viewers from changing the 
channel before the end of the program 

8A possible explanation for only a marginal effect could be that 
Mad Money has a group of hardcore followers who are responsible 
for the bulk of the price movements The size of the occasional 
viewer segment (that fluctuates in response to other programming 
available) may not have a very strong effect on stock prices This 
matter requires further investigation 


TABLE 6 
Regression Results for Initial Buy Recommendations 
ыг ht ee ee т мшу ы PLU ЕЕС 
Unstandardized Standardized Collinearity 
Coefficient Coefficient Statistics 

Variable Hypothesis B SE Beta t-Value Significance Tolerance VIF 
Constant 3 345 1211 2 762 006 
Primacy H2 014 003 123 4 246 000 876 1141 
Recency На 003 004 024 814 416 828 1 208 
Overall Clutter H4 000 000 — 022 — 748 455 845 1 183 
SIC Clutter Hs 001 000 066 2 363 018 932 1074 
Special Mention Hg 023 005 290 4514 000 177 5 640 
‘Mon Back He — 001 009 — 003 — 105 916 910 1 099 
CEO Segment He – 014 010 – 039 —1 413 158 951 1052 
Lightning Round Не 002 005 032 518 605 187 5 341 
Sudden Death Не – 006 009 – 020 — 636 525 756 1322 
Closing Segment He — 005 007 — 022 — 740 459 799 1 252 
Opening Segment Не 004 005 025 720 472 622 1 608 
Viewers Н; 010 035 008 270 787 793 1 261 
Time На — 000 000 — 102 —2 718 007 523 1913 
Preevent Price Control — 000 000 — 113 –3 646 000 764 1 309 
Preevent Turnover Control 088 034 071 2 619 009 989 1011 
Log(Market Cap) Control — 004 001 — 159 —4 461 000 576 1 737 
NYSE Control — 004 002 — 056 —1 802 072 748 1337 
AMEX Control 007 008 025 887 375 948 1055 
Cramer Owns Control 008 008 028 1 003 316 952 1 050 
Метогу Оесау Control — 001 001 — 015 — 534 594 922 1084 
Model Fit 

R2 233 

Adjusted R2 219 

F-value 15 938 

Sig (F) 000 


Notes VIF = vanance inflation factor 
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TABLE 7 


Regression Results for Repeat Buy Recommendations 
ДИ Де es eT 


Unstandardized 


Coefficient 

Variable Hypothesis B SE 
Constant 053 316 
Primacy Ho 004 001 
Recency На 002 001 
Overall Clutter H4 — 000 000 
SIC Clutter Hg 000 000 
Special Mention Не 012 001 
‘Mon Back Не 003 002 
CEO Segment Hg 000 002 
Lightning Round He 004 001 
Sudden Death Hg 004 002 
Closing Segment Не — 004 001 
Opening Segment Hg 002 001 
Viewers Hy 017 010 
Time Hg — 000 000 
Return Since Last Ho 079 025 
Recommendation 

Reversal H10 003 001 
Return Since 

Last x 

Recommendation 

Reversal H41 282 067 
Preevent Price Control — 000 000 
Preevent Turnover Control! 028 011 
Log(Market Cap) Control — 002 000 
NYSE Control — 001 001 
AMEX Control 002 002 
Cramer Owns Control 001 001 
Coverage intensity Control — 002 004 
Memory Decay Control 000 000 
Model Fit 

R2 

Adjusted R2 

F-value 

Sig (F) 


Notes VIF = variance inflation factor 


01) and negative in the 1nitial-recommendation model This 

suggests that the reaction to Cramer's 1mtial buy recom- 
mendations decreases over time, which 1s consistent with 
the idea that viewers learn that there 1s some wealth redistri- 
bution However, we do not find a significant effect for time 
in the repeat-recommendation model Over time, there 1s an 
Increase 1n the number of stocks recommended by Cramer 
in a single show, and individual stocks receive less atten- 
tion Therefore, there 1s some collinearity between the Spe- 
cial Mention, time, and 1ndividual segment variables, but 
none of the variance inflation factors exceed 10 (the cutoff 
point that Marguardt [1970] suggests for identifying serious 
collinearity problems) 

In contrast, there 1s strong evidence 1n support of Ho, 
Hijo, and Нуу, which deal with repeat recommendations on 
individual stocks For Но, 1f Cramer’s track record for a par- 
ticular security 15 strong (1 e , larger positive returns on rec- 
ommended buys or steeper stock price declines for recom- 
mended sells), investors are significantly more likely to pay 
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Standardized Collinearity 
Coefficient Statistics 
Beta t-Value Significance Tolerance VIF 
169 865 
045 3 799 000 928 1077 
027 2 232 026 877 1 140 
— 020 —1 701 089 919 1 089 
019 1526 127 881 1 136 
220 8274 000 188 5 321 
022 1856 064 983 1 017 
000 023 982 880 1 136 
085 3 627 000 242 4 130 
029 2 142 032 707 1415 
— 053 –3 245 001 501 1 994 
019 1188 235 523 1 914 
024 1765 078 736 1 359 
— 001 – 092 927 573 1746 
040 3 133 002 811 1233 
044 3 706 000 955 1048 
053 4 209 000 843 1 186 
— 019 —1 526 127 861 1 162 
030 2 553 011 966 1 035 
~ 123 —9 055 000 721 1 387 
— 025 —1 912 056 805 1242 
011 923 356 936 1 068 
009 739 460 933 1072 
— 007 — 575 565 968 1 033 
014 1 170 242 926 1 079 
064 
060 
19 98 
0000 


attention to his subsequent recommendations for that stock 
This 15 evident 10 the significant Return Since Last Recom- 
mendation variable in the repeat-buy recommendation 
regressions Consistent with Нур, recommendation reversals 
are associated with larger abnormal returns, indicating that 
viewers respond to such reversals strongly Furthermore, 1n 
support of H,;, investor return from the last recommenda- 
tion for a particular equity and its interaction with recom- 
mendation reversal are both significant These results 1ndi- 
cate that investors pay attention to Cramer’s track record on 
individual stocks because the response to his recommenda- 
tion 1s contingent on the accuracy of his previous prediction 
for the same security 


Other Significant Findings 


The size of the share price (1e, preevent share рпсе) 15 
negatively associated with abnormal returns, indicating that 
investors are “bargain hunting” while watchmg the show 
This finding persists even after we control for other 


variables, such as market cap Similar to previous research, 
we find that market cap 1s inversely related to the size of the 
abnormal return In addition, we find that different markets 
are associated with different sizes of inefficiencies Stocks 
traded on the NYSE have marginally lower inefficiencies 
than NASDAQ stocks These differences could potentially 
be linked to differences 1n the security types listed on these 
exchanges, levels of idiosyncratic volatility associated with 
these stocks, differences 1n effective spread sizes, and short- 
sales rules governing different exchanges However, 1дели- 
fying the sources of this variation 1s beyond the scope of 
this project 


Managerial Implications 


Summary 


We document several inefficiencies/arbitrage opportunities 
that are created by televised stock recommendations These 
inefficiencies are of interest to the managers of publicly 
traded companies affected by Mad Money recommenda- 
tions because they may influence stock repurchase 
decisions 

We assumed that the response to Jim Cramer’s recom- 
mendations might differ from the response to advertise- 
ments because many viewers are actively looking for rec- 
ommendations rather than passively watching commercials 
We find considerable evidence that viewers are actively 
looking for recommendations First, rather than a threshold 
or inverted U-shaped response curve to the number of 
advertisements, типа! recommendations generated stronger 
reactions than subsequent recommendations for the same 
stock Second, this seems to be a high-involvement pur- 
chase For шша recommendations, 1t appears that rather 
than focusing on better-known stocks with large capitaliza- 
tions, 1nvestors are looking for niche/small cap stocks 
because the size of the next-day stock price abnormality 1s 
inversely related to the size of the preevent market capitali- 
zation However, this larger inefficiency could also be 
explained by the higher limits to arbitrage associated with 
small cap stocks In addition, stocks with higher turnover 
rates generated higher next-day price increases than stocks 
with lower-turnover/higher-institutional ownership Finally, 
lower-priced stocks had greater abnormal returns following 
initial recommendations, indicating that naive investors 
could be bargain hunting This finding underscores ће шта- 
tionality of naive investor actions and suggests that pricing- 
related considerations could inform finance models of 
investor behavior 

Despite these differences between response to tradi- 
tional advertising and to Cramer’s recommendations, we 
find numerous similarities Although a substantial fraction 
of the audience 1s looking for recommendations, any 1ndi- 
vidual recommendation 1s still subject to many of the same 
communication obstacles as advertisements 1n terms of get- 
ting heard We found strong evidence of both recency and 
primacy effects in mvestor response to stock recommenda- 
tions Primacy had a greater impact than recency (and 
affected both initial and repeat recommendations, while 
only repeat recommendations were affected by the recency 


effect), possibly indicating that search 1s active and that 
when a satisfactory recommendation 15 found, the search 
ends We found that overall clutter had a marginally nega- 
tive 1mpact on the reaction to repeat recommendations but 
had no effect for та! recommendations This indicates 
that initial recommendations can cut through the clutter 
Contrary to expectations, industry clutter actually increased 
viewer response We assume that this was due to the 
increased visibility of all recommendations 1n that industry 
In addition, recommendations that were given greater 
emphasis had a greater response than others 

We find that source credibility has a significant impact 
on the response to subsequent recommendations There 1s 
evidence of global learning because the decrease in 
response to Cramer’s recommendations over time 1s consis- 
tent with viewers learning the general pattern of abnormal 
returns shown in Figure 3 However, we also find that 
investors track the host’s performance for particular ѕесип- 
ties when making purchase decisions because response to a 
particular stock 15 significantly affected by the success of 
past recommendations for the same stock, especially if 
there was a reversal of the previous recommendation 


Implications 


When investors are looking for recommendations, but not a 
specific stock recommendation, the situation could be simi- 
lar to when a person has an interest 1n a product or service 
class but does not have a specific brand in mind This simi- 
lanty should make the findings of this study relevant to the 
emergent class of well-targeted advertisements (1€ , adver- 
tisements that are served to consumers who have expressed 
some interest 1п a particular product category) Our findings 
suggest that 1t 18 not enough to appropriately target a mes- 
sage to a certain viewer, 1ts chances of being attended to 
and acted on are significantly greater with proper place- 
ment, reduced clutter, and better execution For example, in 
targeted online advertising campaigns, marketers need to 
make sure not only that the message 1s going to the right 
people but also that 1t 1s appropriately positioned among the 
competitive entries and designed 1n a way that grabs con- 
sumer attention and cuts through the clutter 

The findings are also relevant to the domain of search- 
engine marketing (e 2, Google's AdWords), browsing- 
history-based behavioral targeting (eg, Front Porch, 
NebuAd, Phorm), and the effectiveness of recommendation 
lists and advice columns (e g , the Amazon Daily blog) that 
are becomung integral parts of Internet shopping portals 
Even ın such high-involvement environments in which con- 
sumers are presented with information relevant to their 
needs, information-processing-related effects influence 
their purchasing decisions According to Microsoft research 
(1e, Richardson, Dominowska, and Ragno 2007), higher- 
positioned advertisements receive higher clickthrough rates 
as a result of visual attention differences Our research 
shows that additional 1nformation-processing effects could 
also have a bearing on the relative effectiveness of search 
and other types of Internet advertising, namely, there seems 
to be a connection with banner advertising such that the 
presentation order must be considered when trying to deter- 
mine the effectiveness of an advertisement 
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Of interest to search marketers and online advertisers 1s 
the notion that ın competitive, high-involvement environ- 
ments in which people are trying to find a unique product, 
repeated exposure may not produce the desired results 
Broader settings that can benefit from this insight are Inter- 
net art, designer clothing, and unique jewelry auctions For 
example, Portero com 1s an auction site dedicated to selling 
certified “preowned” luxury designer items. The site pub- 
lishes a blog listing several items designated as great finds 
According to our findings, such blogs should be updated 
frequently and with items not mentioned elsewhere on the 
Web site Bidz com 1s a site that sells closeout and discon- 
tinued jewelry with live auctions starting every five sec- 
onds In such high-involvement, high-paced settings, rec- 
ommendations should be made out of the pool of items not 
yet considered by the bidders 

It 1s instructive to compare the results of this study with 
those of Tellis and Johnson (2007) In their event analysis of 
abnormal returns to stock prices of firms whose products 
were reviewed by the Wall Street Journal, a positive product 
review by Walter Mossberg provided a larger abnormal 
next-day return that was sustained 1п the following days 
This suggests that 1f CEOs introduce credible, positive, new 
information, из impact on stock returns could be simular to 
that of an objective product review If an appearance does 
not provide any new information (similar to most appear- 
ances on Mad Money), its effects dissipate quickly 

It might be better to restrict public relations activities to 
general business shows and communication with analysts 
and not to shows such as Mad Money, for which viewers are 
looking for stock picks To create a sustainable stock price 
increase, the appearances should concentrate on the new 
developments that are material (1e, affect a company’s 
long-term potential and future cash flows) because the mar- 
ket does not reward the public relations efforts that are not 
based on fundamentals At the same ште, there could be 
some positive side effects associated with Mad Money 
appearances because increased scrutiny may reduce the cost 
of management/market information asymmetry, which, in 
efficient markets, 1s ultimately borne by the firm (Myers 
and Majluf 1984) In addition, these appearances might cre- 
ate additional brand equity, especially when ıt comes to 
relatively unknown consumer goods (viewers could be 
inclined to try the brands marketed by the companies men- 
tioned on the show), but this aspect needs further 
1nvestigation 

This study also has implications for marketers and pol- 
icy makers ın the area of complex product offerings in 
which consumers have limited ability to comprehend prod- 
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ucts’ value or efficacy (e g , investments, health care, educa- 
tion) Our findings suggest that despite the high- 
involvement environment associated with these settings, 
consumers rely on heuristics 1n making their decisions 
because they have limited ability to perform their own due 
diligence As a result, they blindly follow the “experts” and 
are especially susceptible to various information-processing 
biases 

From a public policy perspective, this study finds that 
naive investors pick investment opportunittes without doing 
much due diligence because they respond to Mad Money 
stock recommendations as soon as the markets open on the 
day following the broadcast Furthermore, their investment 
decisions are influenced by various information-processing 
considerations that are not tied to company fundamentals, 
making them extremely vulnerable to manipulation By 
separating the contaminated events from the clean events 
and providing evidence of price run-up only before the con- 
taminated events, we question the findings of prior studies 
that attribute the price run-up effect to information leakage 
To resolve the issue of information leakage, we advocate 
further inquiry into the price run-up in the contaminated 
sample to disentangle the effects of contaminating events 
from information leakage, if any 


Limitations and Further Research 


This study evaluates a single financial recommendation 
show This limitation is brought about because Mad Money 
1s the only program clearly targeted at a naive audience for 
which we could obtain a suitable data set Our preliminary 
research shows that ın more sophisticated types of program- 
ming, inefficiencies are much smaller and driven primarily 
by market infrastructure considerations and limits to arbi- 
trage (e g , turnover, market cap, the exchange on which the 
security 15 traded), though some factors related to recom- 
mendation credibility and intensity (e g , analyst consensus, 
number of panelists supporting a recommendation) are also 
relevant Further research should examine the continuum of 
available programming and provide a framework for 1denti- 
fying the most relevant factors that lead to the size of abnor- 
mal returns 1n different types of financial programming 

This study shows that financial managers and scholars 
need to draw on the knowledge generated within the mar- 
keting field when predicting individual investor reactions to 
messages pertaining to financial securities Marketing lit- 
erature documents a vast array of consumer behavior pat- 
terns that can significantly improve the traditional models 
of investor behavior that rely on investor rationality 


APPENDIX A 
Variables 


Ts 


Variable 
Abnormal Return 


Initial 


Primacyyo 
Recency, 
Overall Clutter 


SIC Clutter,go 


Segmento 


Special Mention,o 


‘Mon Backo 


Viewerso 
Timeo 


Return Since 
Last -1) 

Recommendation 
Reversalio 


Share Price, 1) 
Turnover. 1) 


Market Cap... 1) 


NYSE, AMEX, 
NADAQ, 
Cramer Owns, 


Coverage 
Intensity, 
Memory Ресау а 


Hypothesis 


Dependent 
variable 


Control 
Control 


Control 
Contro! 
Control 
Control 


Control 


Description 
AR or next-trading-day abnormal return for stock | 


Dummy variable taking on a value of 1 


Dummy variable taking on a value of 1 if stock І was the 
first stock recommended in its segment J 
Dummy variable taking on a value of 1 if stock І was the 
last stock recommended in its segment | 
The number of all positive and negative 
recommendations made on the same event show 
The number of competing recommendations for stock | 
with the same SIC code d made on the same event 
show 
Dummy variable array with values taking on a value of 1 
if recommendation for stock ı aired during segment j on 
{ = 0 "Discussion" (also referred to as "Main") segment 
stocks and stocks with no segment designation serve as 
a reference category 
Dummy variable indicating whether stock 1 received a 
Special Mention designation on the show at t = 0 
Dummy variable indicating whether stock | received this 
designation on the show at t = 0 
Correspond to Nielsen estimates for the audience size 
for the event date, t = 0 
Date on which recommendation took place, attempts to 
capture the investor learning 
Preevent daily return if the last recommendation was 
followed, seil stocks are considered sold short 
Dummy variable taking on a value of 1 if Cramer 
changed his recommendation for stock 1 at t = 0 


Per share price for company 1 before the event 
Turnover ratio of stock 1 before the recommendation 


Market cap of company i before the recommendation 
Market on which a given security 115 traded 


Cramer's charitable trust owns a particular stock 1 at the 
time of recommendation 
Intensity of coverage for stock | before the given event 
att- 0 
Dummy variable that takes on a value of 1 if Number of 
Days Since Recommendation for stock 1 until market 
opens on t = 1 


Special Details 


Variable ts used to sort the 
database into the initial versus 
unique recommendation 
samples 


SIC grouping is based on two- 
digit SIC code header 


Array columns are CEO 
Interview, Lightning Round, 
Opening Segment, Closing 

Segment, and Sudden Death 


Interaction of this and Return 
Since Last variables is used to 
test H41 


Number of shares traded over 
number of shares outstanding 
Log-transformed in regression 
equations 
NASDAQ serves as a 
reference category 


А 
aWe also tried capturing day of the week and holiday break effects Friday variable in the Weekday array апа Memory Decay variables are 
highly correlated, therefore, we explored using just the decay variable versus using day-of-week variables and the variable called Holiday, 
which signifies that the next work day after recommendation falls on one of the official exchange holidays Neither of the methods produced 
any significant results in terms of influencing the next-day abnormal return For simplicity of exposition, the final model uses the Memory 


Decay variable only 
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APPENDIX D 
Descriptive Statistics 


——————————————————MMM————M — MÀ 


Initial Recommendations 





Variable M 


Repeat Recommendations 





———————————————————————M—M—— 


Abnormal Return 0142 
Primacy 12 
Recency 10 
Overall Clutter 35 66 
SIC Clutter 5 00 
Special Mention 39 
‘Mon Back 01 
CEO Segment 01 
Lightning Round 54 
Sudden Death 02 
Closing Segment 03 
Opening Segment 06 
Viewers 13 
Time 04/27/2006 
Return Since Last 

Recommendation Reversal 

Return Since Last x Recommendation Reversal 

Share Priceg ~ 1) 39 26 
Turnoverq _ 1 00 
Log(Market бар) 14 70 
NYSE 61 
AMEX 02 
Cramer Owns 02 
Coverage Intensity 

Memory Decay 144 


Notes МА = not applicable 


SD N M SD N 
038 1069 0035 025 7091 
329 1069 096 295 7091 
303 1069 109 312 7091 

8 355 1069 34 382 8 675 7091 

4 087 1069 5 300 4 254 7091 
488 1069 300 458 7091 
118 1069 028 166 7091 
105 1069 017 129 7091 
499 1069 597 491 7091 
125 1069 034 182 7091 
163 1069 093 291 7091 
239 1069 090 286 7091 
033 1069 125 034 7091 
182 00 4218 1069 10/06/2006 184 07 25 02 7091 
002 013 7091 

МА 135 342 7091 
000 005 7091 

28 733 1069 53 799 56 406 7091 
031 1069 001 027 7091 

1 550 1069 16 142 1713 7091 
489 1069 620 486 7091 
139 1069 028 166 7091 
129 1069 110 313 7091 
МА 007 082 7091 
859 1069 1442 855 7091 


SS SSS SSS 


REFERENCES 


Agarwal Jagdish and Wagner A Kamakura (1995), “The Eco- 
nomuc Worth of Celebrity Endorsers An Event Study Analy- 
sis,” Journal of Marketing, 59 (July), 56-62 

Alvarez, Michael R and Jonathan Nagler (2002), “Party System 
Compactness Measurement and Consequences,” Political 
Analysis, 12 (1), 46-62 

American Marketing Association (1960), Definitions A Glossary 
of Marketing Terms Chicago American Marketing 
Association 

Anand, Punam and Bnan Sternthal (1990), “Ease of Message Pro- 
cessing as a Moderator of Repetition Effects 1n Advertising,” 
Journal of Marketing Research, 27 (August), 345-53 

Balasubramanian, Siva К, Ike Mathur, and Ramendra Thakur 
(2005), “The Impact of High-Quality Firm Achievements on 
Shareholder Value Focus on Malcolm Baldnge and J D Power 
and Associates Awards,” Journal of the Academy of Marketing 
Science, 33 (4), 413-22 

Barber, Brad M, Reuven Lehavy, and Maureen McNichols 
(2001), "Can Investors Profit From the Prophets? Secunty 
Analyst Recommendations and Stock Returns,” Journal of 
Finance, 56 (2), 531-63 

and Terrance Odean (2008), “All That Glitters The Effect 
of Attention and News on the Buymg Behavior of Individual 
and Institutional Investors,” The Review of Financial Studies, 
21 (2), 785-818 

Barberis, Nicholas and Richard Thaler (2003), “A Survey of 
Behavioral Finance,” m The Handbook of the Economics of 
Finance, Vol 1, George M Constantinides, Milton Harris, and 
Rene Stulz, eds Amsterdam Elsevier, 1053-1128 





264 / Journal of Marketing, November 2009 


Bettman, James R (1979), An Information Processing Theory of 
Consumer Choice Reading, MA Addison-Wesley 

Blair, Margaret Н (1987), “An Empirical Investigation of Adver- 
tising Wearin and Wearout,” Journat of Advertising Research, 
27 (December-January), 45—50 

Boehmer, Ekkehart, Jim Musumeci, and Annett B. Poulsen (1991), 
"Event Study Methodology Under Conditions of Event- 
Induced Variance,” Journal of Financial Economics, 30 (2), 
253-72 

Bollerslev, Tim (1986), “Generalized Autoregressive Conditional 
Heteroskedasticity,” Journal of Econometrics, 31 (3), 307-327 

Brown, Stephen and Michael L Rothschild (1993), “Reassessing 
the Impact of Television Advertising Clutter,’ Journal of Con- 
sumer Research, 20 (1), 138-46 

and Jerold Warner (1985), “Using Daily Stock Returns 
The Case of Event Studies,” Journal of Financial Economics, 
14 (1), 3-31 

Burke, Raymond R and Thomas К Srull (1988), “Competitive 
Interference and Consumer Memory for Advertising,” Journal 
of Consumer Research, 15 (1), 55-68 

Busse, Jeffrey and Clifton Green (2002), “Market Efficiency in 
Real Time,” Journal of Financial Economics, 65 (3), 415-37 

Campbell, Cynthia J and Charles E Wasley (1996), "Measuring 
Abnormal Trading Volume for Samples of NYSE/ASE and 
NASDAQ Securities Using Parametric and Nonparametric Test 
Statistics," Review of Quantitative Finance and Accounting, 33 
(1), 73-92 

Campbell, John Y, Andrew W Lo, and A Craig MacKinlay 
(1997), "Event-Study Analysis,” in The Econometrics of Finan- 





cial Markets Princeton, NJ Princeton University Press, 
149-80 

Carhart, Mark (1997), “On Persistence 1n Mutual Fund Perfor- 
mance,” Journal of Finance, 52 (1), 57-82 

Chan, Louis К, Josef Lakonishok, and Theodore Sougiannis 
(2001), "The Stock Market Valuation of Research and Devel- 
opment Expenditures," Journal of Finance, 56 (December), 
2431-56 

Chaney, Paul K, Timothy M Devinney, and Russell S Winer 
(1991), “The Impact of New Product Introductions on the Mar- 
ket Value of Firms,” Journal of Business, 64 (October), 
573-610 

Corhay, Albert and Alireza Touram-Rad (1996), “Conditional Het- 
eroskedasticity Adjusted Market Model and an Event Study,” 
Quarterly Review of Economics and Finance, 36 (4), 529-38 

Cowan, Amold R (1992), “Nonparametric Event Study Tests,” 
Review of Quantitative Finance and Accounting, 2 (4), 343-58 

Cramer, James J (with Cliff Mason) (2006), Лт Cramer’s MAD 
Money Watch TV, Get Rich New York Simon and Schuster 

Dahlén, Micael and Mats Edenius (2007), “When Is Advertising 
Advertising? Comparing Responses to Non-Traditional and 
Traditional Advertising Media,” Journal of Current Issues & 
Research in Advertising, 29 (1), 33-42 

Diamond, Douglas W and Robert E Verrecchia (1987), “Con- 
straints on Short-Selling and Asset Price Adjustment to Private 
Information," Journal of Financial Economics, 18 (June), 
277-311 

Еназћђеге, Jehoshua and Thomas S Robertson (1988), “New 
Product Preannouncing Behavior A Market Signaling Study,” 
Journal of Marketing Research, 25 (August), 282-92 

Elton, J Edwin, Martin J Gruber, and Seth Grossman (1986), 
“Discrete Expectational Data and Portfolio Performance,” 
Journal of Finance, 41 (3), 699-713 

Engelberg, Joseph, Caroline Sasseville, and Jared Williams 
(2006), “Is the Market Mad? Evidence from Mad Money,” 
working paper, Kellogg School of Management, Northwestern 
University 

, ‚ and (2007), "Attention and Asset Prices 
The Case of Mad Money,” working paper, Kellogg School of 
Management, Northwestern University 

Erdem, Tuhn and Michael P Keane (1996), “Decision-Making 
Under Uncertainty Capturing Dynamic Brand Choice Pro- 
cesses in Turbulent Consumer Goods Markets,” Marketing Sci- 
ence, 15 (1), 1-21 

Fama, Eugene and Kenneth French (1996), “Multifactor Explana- 
tions of Asset Pricing Anomalies,” Journal of Finance, 51 
(December), 55-84 

Folkes, Valerie S (1984), “Consumer Reactions to Product Fail- 
ure An Attributional Approach,” Journal of Consumer 
Research, 10 (4), 398-409 

Frazzim, Andrea and Owen A Lamont (2008), “Dumb Money 
Mutual Fund Flows and the Cross-Section of Stock Returns,” 
Journal of Financial Economics, 88 (2), 299-322 

Frieder, Laura and Jonathan Zittrain (2007), “Spam Works Evi- 
dence from Stock Touts and Corresponding Market Activity," 
Harvard Public Law Working Paper No 135 

Gough, Paul (2006), ““Май’ Man Adds Insight to CNBC Money 
News,” Hollywood Reporter, (March 28), (accessed July 4, 
2009), [available at http //www hollywoodreporter com/hr/ 
search/article_display jsp?vnu_content_id=1002237153] 

Haley, Russell (1978), “Sales Effects of Media Weight," Journal of 
Advertising Research, 18 (June), 9-18 

Hoviand, Carl I, Irving L Janis, and Harold H Kelley (1953), 
Communication and Persuasion Psychological Studies of 
Opinion Change New Haven, CT Yale University Press 

Huberman, G (2001), “Familiarity Breeds Investment,” The 
Review of Financial Studies, 14 (3), 659-80 











Jain, Prem С and Joanna S Wu (2000), “Truth ш Mutual Fund 
Advertising Evidence on Future Performance and Fund 
Flows,” Journal of Finance, 55 (2), 937-58 

Johnson, Joseph, Gerard J Tellis, and Deborah MacInnis (2005), 
“Losers, Winners, and Biased Trades,” Journal of Consumer 
Research, 32 (2), 324-29 

Kalaignanam, Kartik, Venkatesh Shankar, and Rayan Varadarajan 
(2007), “Asymmetric New Product Development Alliances 
Win-Win or Win-Lose Partnerships?" Management Science, 53 
(3), 357-74 

Keller, Kevin L (1987), “Memory Factors ın Advertising The 
Effect of Advertising Retrieval Cues on Brand Evaluations,” 
Journal of Consumer Research, 14 (4), 316—33 

(1991), “Memory and Evaluation Effects in Competitive 
Advertising Environments,” Journal of Consumer Research, 17 
(1), 463-76 

Kent, Robert J and Chns T Allen (1993), “Does Competitive 
Clutter in Television Advertising ‘Interfere’ with the Recall and 
Recognition of Brand Names and Ad Claims?” Marketing Let- 
ters, 4 (2), 175-84 

Lim, Bryan and Joao Rosario (2008), “The Performance and 
Impact of Stock Picks Mentioned on “Май Money,” (February 
18), (accessed July 4, 2009), [available at http //ssrn com/ 
abstract=1017353] 

Marguardt, Donald (1970), “Generalized Inverses, Ridge Regres- 
sion, Biased Linear Estimation, and Nonlinear Estimation,” 
Technometrics, 12 (3), 591-612 

Mathur, Ike, Kimberly С Gleason, Зејаћашп Dibooglu, and 
Manohar Singh (2002), “Contagion Effects from the 1994 
Mexican Peso Crisis Evidence from Chilean Stocks,” The 
Financial Review, 37 (1), 17-34 

McGill, Ann (1991), “Predicting Consumers’ Reactions to Product 
Failure Do Responsibility Judgments Follow from Con- 
sumers’ Causal Explanations?” Marketing Letters, 2 (1), 
59-70 

Myers, Stewart С and Nicholas 5 Mayluf (1984), “Corporate 
Financing and Investment Decisions When Firms Have Infor- 
mation That Investors Do Not Have,” Journal of Financial 
Economics, 13 (2), 187-221 

Neumann, John J and Peppi М Kenny (2007), “Does Mad Money 
Make the Market Go Mad?" The Quarterly Review of Econom- 
ics and Finance, 47 (5), 602-615 

Olson, Jerry C and Philip A Dover (1978), “Cognitive Effects of 
Deceptive Advertising,” Journal of Marketing Research, 15 
(February), 29-39 

Pan, Robert A (1987), “Wall $treet Week Recommendations Yes 
or No?” Journal of Portfolio Management, 14 (1), 74-76 

Pechmann, Cornelia and David W Stewart (1988), “Advertising 
Repetition A Critical Review of Wearin and Wearout,” in Cur- 
rent Issues and Research in Advertising, James H Leigh and 
Claude R Martin Jr, eds Ann Arbor University of Michigan, 
285-330 

Pieters, Rik GM and Tammo Н А Bymolt (1997), “Consumer 
Memory for Television Advertising A Field Study of Duration, 
Serial Position, and Competition Effects," Journal of Con- 
sumer Research, 23 (4), 362-72 

, Luk Warlop, and Michael Wedel (2002), "Breaking 
Through the Clutter Benefits of Advertisement Onginality and 
Familiarity for Brand Attention and Memory,” Management 
Science, 48 (6), 765-81 

Richardson, Matthew, Ewa Dominowska, and Robert Ragno 
(2007), “Predicting Clicks Estimating the Click-Through Rate 
for New Ads,” in Proceedings of the 16th International Confer- 
ence on World Wide Web New York Association for Comput- 
ing Machinery, 521-30 

Senchack, AJ, Jr, and Laura T Starks (1993), “Short-Sale 
Restrictions and Market Reaction to Short-Interest Announce- 








Impact of Mad Money Stock Recommendations / 265 


ments,” Journal of Financial and Quantitative Analysis, 28 (2), 
177-94 

Sharma, Anurag and Nelson Lacey (2004), “Linking Product 
Development Outcomes to Market Valuation of the Firm The 
Case of the US Pharmaceutical Industry,” Journal of Product 
Innovation Management, 21 (5), 297-308 

Simon, Carol and Mary W Sullivan (1993), “The Measurement 
and Determinants of Brand Equity A Financial Approach,” 
Marketing Science, 12 (1), 28-52 

Simon, Hermann (1982), “ADPULS An Advertising Model with 
Wearout and Pulsation,” Journal of Marketing Research, 19 
(August), 352-63 

Sood, Ashish and Gerard J Tellis (2009), “Do Innovations Really 
Pay Off? Total Stock Market Returns to Innovation,” Marketing 
Science, 28 (3), 442-56 

Sprent, Peter (1989), Applied Nonparametric Statistical Methods 
London Chapman and Hall 

Srinivasan, Raji and Sundar Bharadwaj (2004), “Event Studies in 
Marketing Strategy Research,” in Assessing Marketing Strategy 
Performance, Christine Moorman and Donald R Lehmann, 
eds Cambridge, MA Marketing Science Institute, 9-28 

The Stalwart (2005), “Jam Cramer Might Be a Luar,’ (July 26), 
(accessed July 6, 2009), [available at http //www thestalwart 
com/the stalwart/2005/07/1m cramer mugh html] 

Tavits, Margit (2007), "Principle vs Pragmatism Policy Shifts 
and Political Competition,” American Journal of Political Sci- 
ence, 51 (1), 151-65 

Television Bureau of Advertising (2009), “Media Trends Track 
TNS Media Intelligence Annual Averages,” (accessed July 6, 


266 / Journal of Marketing, November 2009 


2009), [available at http //www tvb org/rcentral/mediatrends 
track/tvbasics/26_Net_TV_Activity asp] 

Tellis, Gerard J and Joseph Johnson (2007), “Тһе Value of Qual- 
ity,” Marketing Science, 26 (6), 7158-73 

Webb, Peter H (1979), “Consumer Initial Processing in a Difficult 
Media Environment,” Journal of Consumer Research, 6 (3), 
225-36 

and Michael L Ray (1979), “Effects of TV Clutter,” Jour- 
nal of Advertising Research, 19 (3), 7-12 

Wheatley, John J (1968), "Influence of Commercial’s Length and 
Position," Journal of Marketing Research, 5 (May), 199-202 

White, Halbert (1982), "Instrumental Variables Regression with 
Independent Observations," Econometrica, 50 (2), 483—500 

Wiles, Michael A and Anna Danielova (2009), “The Worth of 
Product Placement in Successful Films An Event Study Analy- 
sis,” Journal of Marketing, 73 (July), 44—63 

Winter, Fredrick W (1973), “A Laboratory Experiment of Individ- 
ual Attitude Response to Advertising Exposure,” Journal of 
Marketing Research, 10 (May), 130-40 

Womack, Kent L (1996), “Do Brokerage Analysts’ Recommenda- 
tions Have Investment Value?" Journal of Finance, 51 (1), 
137-67 

Zellner, Arnold (1962), "An Efficient Method of Estimating Seem- 
ingly Unrelated Regressions and Tests for Aggregation Bias,” 
Journal of the American Statistical Association, 57 (298), 
348-68 

Zhao, Xinshu (1997), “Clutter and Serial Order Redefined and 
Retested,” Journal of Advertising Research, 37 (5), 57-73 





JOURNAL OF MARKETING 
SUBJECT AND AUTHOR INDEX 
VOLUME 73, 2009 


SUBJECT INDEX 


Item 
Number 


Authors 


ADVERTISING 


1 Auctioning Keywords ın Online Search 
Vol 73, Мо 4, July 2009, 125-41 
Лапатр Chen, De Liu, & Andrew В Whinston 


2 Demarketing, Minorities, and National Attachment 
Vol 73, No 2, March 2009, 105-122 
Amir Grinstein & Udi Nisan 


3 Does Advertising Spending Influence Media Coverage of the 
Advertiser? 
Vol 73, No 6, November 2009, 33—46 
Diego Rinallo & Suman Basuroy 


4 Does In-Store Marketing Work? Effects of the Number and Position 
of Shelf Facings on Brand Attention and Evaluation at the Point of 
Purchase 

Vol 73, No 6, November 2009, 1-17 
Pierre Chandon, J Wesley Hutchinson, Eric T Bradlow, & 
Scott H Young 


5 Impact of Mad Money Stock Recommendations. Merging Financial 
and Marketing Perspectives 
Vol 73, No 6, November 2009, 244—66 
Ekaterina V Karniouchina, William L Moore, & Kevin J Cooney 


C 


Product Innovations, Advertising, and Stock Returns 
Vol 73, Мо 1, January 2009, 24-43 
Shuba Srinwasan, Koen Pauwels, Jorge Silva-Risso, & 
Dominique М Hanssens 


7 Regulatory Exposure of Deceptive Marketing and Its Impact on Firm 
Value 
Vol 73, No 6, November 2009, 227-43 
Martha Myslnski Tipton, Sundar С Bharadwaj, & 
Diana C Robertson 


oo 


Self-Benefit Versus Other-Benefit Marketing Appeals Their Effec- 
tiveness 1n Generating Charitable Support 
Vol 73, No 4, July 2009, 109-124 
Katherine White & John Peloza 


9 The Worth of Product Placement in Successful Films An Event Study 
Analysis 
Vol 73, No 4, July 2009, 44-63 
Michael A Wiles & Anna Danielova 


AWARD ANNOUNCEMENTS 


10 Harold H Maynard Award 
Vol 73, No 2, March 2009, 1v 


11 Marketing Science Institute/H Pau] Root Award 
Vol 73, No 2, March 2009, iv 


12 Sheth Foundation/Journal of Marketing Award 
Vol 73, No 2, March 2009, ш 


€ 2009, American Marketing Association 
ISSN 0022-2429 (print), 1547-7185 (electronic) 


267 


Authors 


BRAND MANAGEMENT 


13 Amencan Girl and the Brand Gestalt Closing the Loop on Sociocul- 
tural Branding Research 
Vol 73, No 3, May 2009, 118-34 
Nina Diamond, John Е Sherry Jr, Albert M Muñiz Jr, Mary Ann 
McGrath, Robert V Kozinets, & Stefania Borghini 


14 Brand Experience What Is It? How Is It Measured? Does It Affect 
Loyalty? 
Vol 73, No 3, May 2009, 52-68 
J Joško Brakus, Вета Н Schmitt, & Lia Zarantonello 
15 Brand Portfolio Strategy and Firm Performance 
Vol 73, No 1, January 2009, 59-74 
Neil А Morgan & Lopo L Rego 
16 Brand-Specific Leadership into Brand 
Champions 
Vol 73, No 5, September 2009, 122-42 
Felicitas М Morhart, Walter Herzog, & Torsten Tomczak 


Turnng Employees 


17 Conceptualizing and Measuring the Monetary Value of Brand Exten- 
sions The Case of Motion Pictures 
Vol 73, No 6, November 2009, 167-83 
Thorsten Hennig-Thurau, Mark В Houston, & Torsten Heitjans 
18 Consumer-Based Brand Equity and Firm Risk 
Vol 73, No 6, November 2009, 47—60 
Горо L Rego, Matthew T Billett, & Neil A Morgan 
19 The Debate over Doing Good Corporate Social Performance, Strate- 
gic Marketing Levers, and Firm-Idiosyncratic Risk 
Vol 73, Мо 6, November 2009, 198-213 
Xueming Luo & C B Bhattacharya 
20 Does Advertising Spending Influence Media Coverage of the 
Advertiser? 
Vol 73, No 6, November 2009, 33-46 
Diego Rinallo & Suman Basuroy 
21 Evaluating the Financial Impact of Branding Using Trademarks A 
Framework and Empirical Evidence 
Vol 73, No 6, November 2009, 154-66 
Alexander Krasnikov, Saurabh Mishra, & David Orozco 
22 How Brand Community Practices Create Value 
Vol 73, No 5, September 2009, 30-51 
Hope Jensen Schau, Albert M Muñiz Jr, & Eric J Arnould 
23 The Impact of Counterfeiting on Genuine-Item Consumers’ Brand 
Relationships 
Vol 73, No 3, May 2009, 86-08 
Suraj Соттип 
24 The Role of Within-Brand and Cross-Brand Communications in 
Competitive Growth 
Vol 73, No 3, May 2009, 19-34 
Barak Libai, Eitan Muller, & Renana Peres 


Journal of Marketing 
Vol 73 (November 2009), 267—274 


25 The Worth of Product Placement in Successful Films An Event Study 
Analysis 
Vol 73, No 4, July 2009, 44-63 
Michael A Wiles & Anna Damelova 


BUSINESS-TO-BUSINESS MARKETING 


26 Continuous Supplier Performance Improvement Effects of Collabora- 
tive Communication and Control 
Vol 73, No 1, January 2009, 133-50 
Ashwin W Josh 


27 Determinants of Pay Levels and Structures in Sales Organizations 
Vol 73, No 6, November 2009, 92-104 
Dominique Rouziés, Anne Т Coughlan, Erin Anderson, & 
Dawn Iacobucci 


28 Distributor Sharing of Strategic Information with Suppliers 
Vol 73, No 4, July 2009, 31-43 
Gary L Frazier, Elliot Maltz, Kersi D Antia, & Aric Rindfleisch 


29 The Role of Customer Gratitude 1n Relationship Marketing 
Vol 73, No 5, September 2009, 1-18 
Robert W Palmatier, Cheryl Burke Jarvis, Jennifer К Bechkoff, & 
Frank К Kardes 


CONSUMER BEHAVIOR 


30 American Girl and the Brand Gestalt Closing the Loop on Sociocul- 
tural Branding Research 
Vol 73, No 3, May 2009, 118-34 
Nina Diamond, John F Sherry Jr, Albert M Muñiz Jr, Mary Ann 
McGrath, Robert V Kozinets, & Stefania Borghim 


31 Are Women More Loyal Customers Than Men? Gender Differences 1n 
Loyalty to Firms and Individual Service Providers 
Vol 73, No 4, July 2009, 82-96 
Valentyna Melnyk, Styn M J Van Osselaer, & Tammo HA Bymolt 


32 Brand Experience What Is It? How Is It Measured? Does It Affect 
Loyalty? 
Vol 73, No 3, May 2009, 52-68 
J Joško Brakus, Bernd Н Schmitt, & Lia Zarantonello 


33 Demarketing, Minorities, and National Attachment 
Vol 73, No 2, March 2009, 105-122 
Amir Grinstein & Udi Nisan 


34 Does Customer Demotion Jeopardize Loyalty? 
Vol 73, No 3, May 2009, 69-85 
Tillmann Wagner, Thorsten Hennig-Thurau, & Thomas Rudolph 


35 Does In-Store Marketing Work? Effects of the Number and Position of 
Shelf Facings on Brand Attention and Evaluation at the Point of 
Purchase 

Vol 73, No 6, November 2009, 1-17 
Pierre Chandon, J Wesley Hutchinson, Eric T Bradlow, & 
Scott H Young 


36 How Brand Community Practices Create Value 
Vol 73, No 5, September 2009, 30—51 
Hope Jensen Schau, Albert M Muñiz Jr, & Eric J Arnould 


37 Impact of Mad Money Stock Recommendations Merging Financial 
and Marketing Perspectives 
Vol 73, No 6, November 2009, 244—66 
Ekaterina V Karniouchina, William L Moore, & Kevin J Cooney 


38 The Interplay Among Category Characteristics, Customer Character- 
istics, and Customer Activities on In-Store Decision Making 
Vol 73, No 5, September 2009, 19-29 
J Jeffrey Inman, Russell S Winer, & Rosellina Ferraro 


268 / Journal of Marketing, November 2009 


39 The Robustness of the Effects of Consumers’ Participation in Market 
Research The Case of Service Quality Evaluations 
Vol 73, No 6, November 2009, 105-114 
Chezy Ofir, Itamar Simonson, & Song-Oh Yoon 


40 Searching for Experience on the Web An Empirical Examination of 
Consumer Behavior for Search and Experience Goods 
Vol 73, No 2, March 2009, 55-69 
Peng Huang, Nicholas Н Lurie, & Sabyasachi Mitra 


41 Self-Benefit Versus Other-Benefit Marketing Appeals Their Effec- 
tiveness 1n Generating Charitable Support 
Vol 73, No 4, July 2009, 109-124 
Katherine White & John Peloza 


42 Technology Convergence When Do Consumers Prefer Converged 
Products to Dedicated Products? 
Vol 73, No 4, July 2009, 97-108 
Jin K Han, Seh Woong Chung, & Yong Seok Sohn 


43 Testing the Value of Customization When Do Customers Really Pre- 
fer Products Tailored to Their Preferences? 
Vol 73, No 5, September 2009, 103-121 
Nikolaus Franke, Peter Keinz, & Christoph J Steger 


44 When Customer Love Turns into Lasting Hate The Effects of Rela- 
tionship Strength and Time on Customer Revenge and Avoidance 
Vol 73, No 6, November 2009, 18-32 
Yany Grégoire, Thomas M Tripp, & Renaud Legoux 


COUNTERFEITS 


45 The Impact of Counterfeiting on Genuine-Item Consumers’ Brand 
Relationships 
Vol 73, Мо 3, May 2009, 86-98 
Suraj; Communi 


CUSTOMER RELATIONSHIP MANAGEMENT 


46 Managing Dynamics in a Customer Portfolio 
Vol 73, No 5, September 2009, 70—89 
Christian Homburg, Viviana У Steiner, & Dirk Totzek 


CUSTOMER SATISFACTION 


47 Brand Portfolio Strategy and Firm Performance 
Vol 73, No 1, January 2009, 59—74 
Neil A Morgan & Lopo L Rego 


48 Customer Satisfaction and Stock Returns Risk 
Vol 73, No 6, November 2009, 184—97 
Kapil R Тий & Sundar G Bharadwaj 


49 Implementing the Marketing Concept at the Employee-Customer 
Interface The Role of Customer Need Knowledge 
Vol 73, No 4, July 2009, 64-81 
Christian Homburg, Jan Wieseke, & Torsten Bornemann 


50 Pay What You Want A New Participative Pricing Mechanism 
Vol 73, Мо 1, January 2009, 44-58 
Ju-Young Kim, Martin Natter, & Martm Spann 


51 Proactive Postsales Service When and Why Does It Pay Off? 
Vol 73, No 2, March 2009, 70-87 
Goutam Challagalla, R Venkatesh, & Ajay K Kohl: 


52 The Robustness of the Effects of Consumers’ Participation in Market 
Research The Case of Service Quality Evaluations 
Vol 73, No 6, November 2009, 105-114 
Chezy Ofir, Itamar Simonson, & Song-Oh Yoon 


53 When Customer Love Turns into Lasting Hate The Effects of Rela- 
tionship Strength and Time on Customer Revenge and Avoidance 
Vol 73, No 6, November 2009, 18-32 
Yany Grégoire, Thomas M Tripp, & Renaud Legoux 


DECISION MAKING 


54 Are Women More Loyal Customers Than Men? Gender Differences ın 
Loyalty to Firms and Individual Service Providers 
Vol 73, No 4, July 2009, 82-96 
Valentyna Melnyk, Styn M J Van Osselaer, & Tammo НА Bymolt 


55 The Interplay Among Category Charactenstics, Customer Character- 
istics, and Customer Activities on In-Store Deciston Making 
Vol 73, No 5, September 2009, 19-29 
J Jeffrey Inman, Russell S Winer, & Rosellina Ferraro 


56 Marketing Under Uncertainty The Logic of an Effectual Approach 
Vol 73, No 3, May 2009, 1-18 
Stuart Read, Nicholas Dew, Saras D Sarasvathy, Michael Song, & 
Robert Wiltbank 


57 The Robustness of the Effects of Consumers’ Participation in Market 
Research The Case of Service Quality Evaluations 
Vol 73, No 6, November 2009, 105-114 
Chezy Ofir, Itamar Simonson, & Song-Oh Yoon 


58 Technology Convergence When Do Consumers Prefer Converged 
Products to Dedicated Products? 
Vol 73, No 4, July 2009, 97-108 
Jin K Han, Seh Woong Chung, & Yong Seok Sohn 


DIRECT MARKETING 


59 Are Product Returns a Necessary Evil? Antecedents and 
Consequences 
Vol 73, No 3, May 2009, 35-51 
J Andrew Petersen & V Kumar 


60 Managing Dynamics in a Customer Portfolio 
Vol 73, No 5, September 2009, 70-89 
Christian Homburg, Viviana V Steiner, & Dirk Totzek 


EDITORIAL 


61 From the Editor 
Vol 73, No 1, January 2009, 1–2 
Ajay К Kohl 


62. Guest Editorial. Is Marketing Academia Losing Its Way? 
Vol 73, No 4, July 2009, 1-3 
David J Reibstein, George Day, & Jerry Wind 


63 Marketing Strategy and Wall Street Nailing Down Marketing's 
Impact 
Vol 73, No 6, November 2009, 115-18 
Dominique М Hanssens, Roland Т Rust, & Rajendra К Srivastava 


ELECTRONIC COMMERCE 


64 Auctioning Keywords п Online Search 
Vol 73, No 4, July 2009, 125-41 
Jianging Chen, De Liu, & Andrew В Whinston 


65 Effects of Word-of-Mouth Versus Traditional Marketing Findings 
from an Internet Social Networking Site 
Vol 73, No 5, September 2009, 90-102 
Michael Trusov, Randolph Е Bucklin, & Koen Pauwels 


66 Inertial Disruption The Impact of a New Competitive Entrant on 
Online Consumer Search 
Vol 73, No 1, January 2009, 109-121 
Wendy W Moe & Sha Yang 


67 Internet Auction Features as Quality Signals 
Vol 73, No 1, January 2009, 75-92 
Shibo Li, Kannan Srinwasan, & Baohong Sun 


68 Searching for Experience on the Web An Empirical Examination of 
Consumer Behavior for Search and Experience Goods 
Vol 73, No 2, March 2009, 55-69 
Peng Huang, Nicholas Н Lurie, & Sabyasachi Mitra 


69 Testing the Value of Customization When Do Customers Really Pre- 
fer Products Tailored to Their Preferences? 
Vol 73, Мо 5, September 2009, 103-121 
Nikolaus Franke, Peter Kenz, & Christoph J Steger 


70 When Customer Love Turns into Lasting Hate The Effects of Rela- 
tionship Strength and Time on Customer Revenge and Avoidance 
Vol 73, No 6, November 2009, 18-32 
Yany Grégoire, Thomas M Tripp, & Renaud Legoux 


ENTERPRISE VALUATION 


71 Valuing Branded Businesses 
Vol 73, No 6, November 2009, 137-53 
Natale Mizik & Robert Jacobson 


ETHICS AND SOCIAL RESPONSIBILITY 


72 Corporate Hypocrisy Overcoming the Threat of Inconsistent Corpo- 
rate Social Responsibility Perceptions 
Vol 73, No 6, November 2009, 77-91 
Tillmann Wagner, Richard J Lutz, & Barton A Weitz 


73 Does a Firm’s Product-Recall Strategy Affect Its Financial Value? An 
Examination of Strategic Alternatives During Product-Harm Crises 
Vol 73, No 6, November 2009, 214-26 
Yubo Chen, Shankar Ganesan, & Yong Liu 


74 Does Advertising Spending Influence Media Coverage of the 
Advertiser? 
Vol 73, No 6, November 2009, 33-46 
Diego Rinallo & Suman Basuroy 


EXPERIENTIAL MARKETING 


75 Brand Experience What 15 It? How Is It Measured? Does It Affect 
Loyalty? 
Vol 73, No 3, May 2009, 52-68 
J Joško Brakus, Вета H Schmitt, & Lia Zarantonello 


FINANCIAL IMPACT OF MARKETING STRATEGY 


76 Regulatory Exposure of Deceptive Marketing and Its Impact on Firm 
Value 
Vol 73, No 6, November 2009, 227-43 
Martha Myslinska Tipton, Sundar С Bharadwaj, & 
Diana C Robertson 


FIRM RISK 


77 Consumer-Based Brand Equity and Firm Risk 
Vol 73, No 6, November 2009, 47-60 
Горо І. Rego, Matthew T Billett, & Neil А Morgan 


HEALTH CARE MARKETING 


78 Marketing of the Life Sciences A New Framework and Research 
Agenda for a Nascent Field 
Vol 73, No 4, July 2009, 4—30 
Stefan Stremersch & Walter Van Dyck 


HISTORICAL ANALYSIS AND REVIEW 


79 What Does It Take to Get Promoted 1n Marketing Academia? Under- 
standing Exceptional Publication Productivity in the Leading Market- 
ing Journals 

Vol 73, No 1, January 2009, 122-32 
Steven H Seggte & David A Griffith 


Subject and Author Index to Volume 73 / 269 


INFORMATION SEARCH 


80 Searching for Experience on the Web An Empirical Examination of 
Consumer Behavior for Search and Experience Goods 
Vol 73, No 2, March 2009, 55-69 
Peng Huang, Nicholas Н Lurie, & Sabyasachi Mitra 


INNOVATION 


81 The Role of Hubs 1n the Adoption Process 
Vol 73, No 2, March 2009, 1-13 
Jacob Goldenberg, Sangman Han, Donald R Lehmann & 
Jae Weon Hong 


INTERNATIONAL MARKETING 


82 Determinants of Pay Levels and Structures in Sales Organizations 
Vol 73, No 6, November 2009, 92-104 
Dominique Rouziés, Anne Т Coughlan, Erin Anderson, & 
Dawn lacobucci 


83 The Impact of Counterfeiting on Genuine-Item Consumers’ Brand 
Relationships 
Vol 73, No 3, May 2009, 86-98 
Sura] Соттип 


84 Radical Innovation Across Nations. The Preeminence of Corporate 
Culture 
Vol 73, No 1, January 2009, 3-23 
Gerard J Tellis, Jaideep С Prabhu, & Rajesh К Chandy 


LOGISTICS/PHYSICAL DISTRIBUTION 


85 Distribution Network Redesign for Marketing Competitiveness 
Vol 73, No 2, March 2009, 146-63 
Jennifer Shang, Tuba Pinar Yildirim, Pandu Tadikamalla, 
Vikas Мшаі, & Lawrence Н Brown 


MARKET OR INDUSTRY ANALYSIS 


86 Competing Loyalty Programs Impact of Market Saturation, Market 
Share, and Category Expandability 
Vol 73, Мо 1, January 2009, 93-108 
Yuping Liu & Rong Yang 


87 The Effect of Superstar Software on Hardware Sales in System 
Markets 
Vol 73, No 2, March 2009, 88-104 
Jeroen LG Binken & Stefan Stremersch 


88 The Impact of Customer Relationship Management Implementation 
on Cost and Profit Efficiencies Evidence from the US Commercial 
Banking Industry 

Vol 73, No 6, November 2009, 61—76 
Alexander Krasnikov, Satish Jayachandran, & V Kumar 


89 Inertial Disruption The Impact of a New Competitive Entrant on 
Online Consumer Search 
Vol 73, No 1, January 2009, 109-121 
Wendy W Moe & Sha Yang 


90 The Role of Within-Brand and Cross-Brand Communications in 
Competitive Growth 


Vol 73, No 3, May 2009, 19-34 
Barak Гађа, Eitan Muller, & Renana Peres 


MARKET ORIENTATION 
9 


Аы 


Distributor Sharing of Strategic Information with Supphers 
Vol 73, Мо 4, July 2009, 31-43 
Gary L Frazer, Elliot Maltz, Kersi D Antia, & Aric Rindfleisch 


270 / Journal of Marketing, November 2009 


92 


93 


94 


95 


96 


97 


98 


99 


100 


10 


= 


102 


103 


104 


Expanding the Role of Marketing From Customer Equity to Market 
Capitalization 
Vol 73, No 6, November 2009, 119-36 
V Kumar & Denish Shah 


Understanding the Marketing Department’s Influence Within the Firm 
Vol 73, No 2, March 2009, 14—37 
Peter С Verhoef & Peter $ Н Leeflang 


MARKET SHARE 


Competing Loyalty Programs Impact of Market Saturation, Market 
Share, and Category Expandability 
Vol 73, Мо 1, January 2009, 93-108 
Yuping Liu & Rong Yang 


Cross-Category Effects of Aisle and Display Placements A Spatial 
Modeling Approach and Insights 

Vol 73, No 3, May 2009, 99-117 

Ram Bezawada, 5 Balachander, PK Kannan, & Venkatesh Shankar 


MARKETING ACADEMIA 


Guest Editorial. Is Marketing Academia Losing Its Way? 
Vol 73, No 4, July 2009, 1-3 
David J Reibstein, George Day, & Jerry Wind 


What Does It Take to Get Promoted 1n Marketing Academia? Under- 
standing Exceptional Publication Productivity in the Leading Market- 
1ng Journals 
Vol 73, No 1, January 2009, 122-32 
Steven Н Seggie & David A Griffith 


MARKETING ALLIANCES 


Marketing Alliances, Firm Networks, and Firm Value Creation 
Vol 73, No 5, September 2009, 52—69 
Vanitha Swaminathan & Christine Moorman 


MARKETING CHANNELS 


Distribution Network Redesign for Marketing Competitiveness 
Vol 73, No 2, March 2009, 146-63 
Jennifer Shang, Tuba Pinar Yildirim, Pandu Tadikamalla, 
Vikas Mittal, & Lawrence H Brown 


Distributor Shanng of Strategic Information with Suppliers 
Vol 73, No 4, July 2009, 31-43 
Gary L Frazer, Elliot Maltz, Kersi D Antia, & Aric Rindfleisch 


MARKETING CONTROL 


Continuous Supplier Performance Improvement Effects of Collabora- 
tive Communication and Control 
Vol 73, No 1, January 2009, 133-50 
Ashwin W Joshi 


Effects of Word-of-Mouth Versus Traditional Marketing Findings 
from an Internet Social Networking Site 
Vol 73, No 5, September 2009, 90-102 
Michael Trusov, Randolph Е Bucklin, & Koen Pauwels 


MARKETING-FINANCE INTERFACE 


Does a Firm's Product-Recall Strategy Affect Its Financial Value? An 
Examination of Strategic Alternatives During Product-Harm Crises 
Vol 73, No 6, November 2009, 214—26 
Yubo Chen, Shankar Ganesan, & Yong Liu 


Marketing Strategy and Wall Street Nailing Down Marketing's 
Impact 

Vol 73, No 6, November 2009, 115-18 

Dominique M Hanssens, Roland Т Rust, & Rajendra K Srivastava 


105 The Worth of Product Placement in Successful Films An Event Study 
Analysis 
Vol 73, No 4, July 2009, 44-63 
Michael A Wiles & Anna Danielova 


MARKETING IMPLEMENTATION 


106 Effects of Word-of-Mouth Versus Traditional Marketing Findings 
from an Internet Social Networking Site 
Vol 73, No 5, September 2009, 90—102 
Michael Trusov, Randolph Е Bucklin, & Koen Pauwels 


107 Expanding the Role of Marketing From Customer Equity to Market 
Capitalization 
Vol 73, No 6, November 2009, 119-36 
V Kumar & Denish Shah 


108 Implementing the Marketing Concept at the Employee-Customer 
Interface The Role of Customer Need Knowledge 
Vol 73, No 4, July 2009, 64—81 
Christian Homburg, Jan Wieseke, & Torsten Bornemann 


109 Proactive Postsales Service When and Why Does It Pay Off? 
Vol 73, No 2, March 2009, 70-87 
Goutam Challagalla, R Venkatesh, & Ajay K Kohli 


110 The Role of Leaders 1n Internal Marketing 
Vol 73, No 2, March 2009, 123-45 
Jan Wieseke, Michael Ahearne, Son K Lam, & Rolf van Dick 


111 Social Identity and the Service-Profit Chain 
Vol 73, No 2, March 2009, 38-54 
Christian Homburg, Jan Wieseke, & Wayne D Hoyer 


112 Understanding the Marketing Department's Influence Within the Firm 
Vol 73, No 2, March 2009, 14—37 
Peter C Verhoef & Peter S Н Leeflang 


NONPROFIT, POLITICAL, AND SOCIAL MARKETING 


113 Corporate Hypocrisy Overcoming the Threat of Inconsistent Corpo- 
rate Social Responsibility Perceptions 
Vol 73, No 6, November 2009, 77—91 
Tillmann Wagner, Richard J Lutz, & Barton A Weitz 


114 Demarketing, Minonties, and National Attachment 
Vol 73, No 2, March 2009, 105—122 
Amir Grinstein & Udi Nisan 


115 Self-Benefit Versus Other-Benefit Marketing Appeals Their Effec- 
tiveness 1n Generating Charitable Support 
Vol 73, No 4, July 2009, 109-124 
Katherine White & John Peloza 


ORGANIZATIONAL BUYING 


116 Continuous Supplier Performance Improvement Effects of Collabora- 
tive Communication and Control 
Vol 73, No 1, January 2009, 133-50 
Ashwin W Joshi 


ORGANIZATIONAL STRUCTURE 


117 Radical Innovation Across Nations The Preeminence of Corporate 
Culture 
Vol 73, No 1, January 2009, 3-23 
Gerard J Tellis, Jaideep С Prabhu, & Rajesh К Chandy 


118 The Role of Leaders 1n Internal Marketing 
Vol 73, Мо 2, March 2009, 123-45 
Jan Wieseke, Michael Ahearne, Son K Lam, & Rolf van Dick 


119 Social Identity and the Service-Profit Chain 
Vol 73, Мо 2, March 2009, 38-54 
Christian Homburg, Jan Wieseke, & Wayne D Hoyer 


PERSONAL SELLING 


120 Implementing the Marketing Concept at the Employee-Customer 
Interface The Role of Customer Need Knowledge 
Vol 73, No 4, July 2009, 64-81 
Christian Homburg, Jan Wieseke, & Torsten Bornemann 


POSTSALES SERVICE 


121 Proactive Postsales Service When and Why Does It Pay Off? 
Vol 73, Мо 2, March 2009, 70-87 
Goutam Challagalla, R Venkatesh, & Ajay K Коћћ 


PRICING 


122 Auctioning Keywords 1n Online Search 
Vol 73, No 4, July 2009, 125-41 
Jianqing Chen, De Liu, & Andrew B. Whinston 


123 Pay What You Want A New Participative Pricing Mechanism 
Vol 73, No 1, January 2009, 44—58 
Ju-Young Kim, Martin Natter, & Martin Spann 


PRODUCT DEVELOPMENT 


124 Conceptualizing and Measuring the Monetary Value of Brand Exten- 
sions The Case of Motion Pictures 
Vol 73, No 6, November 2009, 167-83 
Thorsten Hennig-Thurau, Mark В Houston, & Torsten Hettjans 


125 Marketing of the Life Sciences. A New Framework and Research 
Agenda for a Nascent Field 
Vol 73, No 4, July 2009, 4-30 
Stefan Stremersch & Walter Van Dyck 


126 Product Innovations, Advertising, and Stock Returns 
Vol 73, No 1, January 2009, 24—43 
Shuba Srinivasan, Koen Pauwels, Jorge Silva-Risso, & 
Dominique М Hanssens 


127 Radical Innovation Across Nations The Preeminence of Corporate 
Culture 
Vol 73, No 1, January 2009, 3-23 
Gerard J Tellis, Jaideep С Prabhu, & Rajesh К Chandy 


128 The Role of Hubs 1n the Adoption Process 
Vol 73, No 2, March 2009, 1-13 
Jacob Goldenberg, Sangman Han, Donald R Lehmann, & 
Jae Weon Hong 


129 Technology Convergence When Do Consumers Prefer Converged 
Products to Dedicated Products? 
Vol 73, No 4, July 2009, 97-108 
Jin K Han, Seh Woong Chung, & Yong Seok Sohn 


130 Testing the Value of Customization When Do Customers Really Pre- 
fer Products Tailored to Their Preferences? 
Vol 73, No 5, September 2009, 103-121 
Nikolaus Franke, Peter Keinz, & Christoph J Steger 


PROFIT COST AND ANALYSIS 


131 The Debate over Doing Good Corporate Social Performance, Strate- 
gic Marketing Levers, and Firm-Idiosyncratic Risk 
Vol 73, No 6, November 2009, 198-213 
Xueming Luo & C B Bhattacharya 


Subject and Author Index to Volume 73 / 271 


132 The Impact of Customer Relationship Management Implementation 
on Cost and Profit Efficiencies Evidence from the US Commercial 
Banking Industry 

Vol 73, No 6, November 2009, 61-76 
Alexander Krasnikov, Satish Jayachandran, & У Kumar 


RELATIONSHIP MARKETING 


133 The Role of Customer Gratitude in Relationship Marketing 
Vol 73, Мо 5, September 2009, 1-18 
Robert W Palmatier, Cheryl Burke Jarvis, Jennifer R Bechkoff, & 
Frank R Kardes 


RETAILING 


134 American Girl and the Brand Gestalt Closing the Loop on Sociocul- 
tural Branding Research 
Vol 73, Мо 3, May 2009, 118-34 
Nina Diamond, John Е Sherry Jr, Albert M Muñiz Jr, Mary Ann 
McGrath, Robert V Kozinets, & Stefania Borghim 


135 Are Product Returns a Necessary Evil? Antecedents and 
Consequences 
Vol 73, No 3, May 2009, 35-51 
J Andrew Petersen & V Kumar 


136 Are Women More Loyal Customers Than Men? Gender Differences in 
Loyalty to Firms and Individual Service Providers 
Vol 73, Мо 4, July 2009, 82-96 
Valentyna Melnyk, Styn M J Van Osselaer, & Tammo НА Bymolt 


137 Corporate Hypocrisy Overcoming the Threat of Inconsistent Corpo- 
rate Social Responsibility Perceptions 
Vol 73, No 6, November 2009, 77-91 
Tillmann Wagner, Richard J Lutz, & Barton A Weitz 


138 Cross-Category Effects of Aisle and Display Placements A Spatial 
Modeling Approach and Insights 
Vol 73, No 3, May 2009, 99-117 
Ram Bezawada, 5 Balachander, PK Kannan, & Venkatesh Shankar 


139 Does Customer Demotton Jeopardize Loyalty? 
Vol 73, No 3, May 2009, 69-85 
Tillmann Wagner, Thorsten Hennig-Thurau, & Thomas Rudolph 


140 Does In-Store Marketing Work? Effects of the Number and Position of 
Shelf Facings on Brand Attention and Evaluation at the Point of 
Purchase 

Vol 73, No 6, November 2009, 1-17 
Pierre Chandon, J Wesley Hutchinson, Eric T Bradlow, & 
Scott H Young 


141 Inertial Disruption The Impact of a New Competitive Entrant on 
Online Consumer Search 
Vol 73, No 1, January 2009, 109-121 
Wendy W Moe & Sha Yang 


142 The Interplay Among Category Characteristics, Customer Character- 
istics, and Customer Activities on In-Store Decision Making 
Vol 73, No 5, September 2009, 19-29 
J Jeffrey Inman, Russell S Winer, & Rosellina Ferraro 


SALES FORCE MANAGEMENT 


143 Determinants of Pay Levels and Structures in Sales Organizations 
Vol 73, No 6, November 2009, 92-104 
Dominique Rouziés, Anne Т Coughlan, Erin Anderson, & 
Dawn lacobucci 


144 Marketing of the Life Sciences A New Framework and Research 
Agenda for a Nascent Field 
Vol 73, No 4, July 2009, 4—30 
Stefan Stremersch & Walter Van Dyck 


272 | Journal of Marketing, November 2009 


145 The Role of Leaders 1n Internal Marketing 
Vol 73, No 2, March 2009, 123-45 
Jan Wieseke, Michael Ahearne, Son K Lam, & Rolf van Dick 


146 Social Identity and the Service-Profit Chain 
Vol 73, No 2, March 2009, 38-54 
Christian Homburg, Jan Wieseke, & Wayne D Hoyer 


SALES FORECASTING 


147 The Role of Within-Brand and Cross-Brand Communications in 
Competitive Growth 
Vol 73, No 3, May 2009, 19-34 
Barak Liba, Eitan Muller, & Renana Peres 


SALES PROMOTION 


148 Product Innovations, Advertising, and Stock Returns 
Vol 73, No 1, January 2009, 24-43 
Shuba Srinivasan, Koen Pauwels, Jorge Silva-Risso, & 
Dominique M Hanssens 


SEGMENTATION 


149 Managing Dynamics 1n a Customer Portfolio 
Vol 73, Мо 5, September 2009, 70-89 
Christian Homburg, Viviana V Steiner, & Dirk Totzek 


SERVICES MARKETING 


150 Brand-Specific Leadership Turning Employees into Brand 
Champions 
Vol 73, No 5, September 2009, 122-42 
Felicitas М Morhart, Walter Herzog, & Torsten Tomczak 


151 Does Customer Demotion Jeopardize Loyalty? 
Vol 73, No 3, May 2009, 69-85 
Tillmann Wagner, Thorsten Hennig-Thurau, & Thomas Rudolph 


152 Pay What You Want A New Participative Pricing Mechanism 
Vol 73, No 1, January 2009, 44—58 
Ju-Young Kim, Martin Natter, & Martin Spann 


STOCK RECOMMENDATIONS 


153 Impact of Mad Money Stock Recommendations Merging Financial 
and Marketing Perspectives 
Vol 73, No 6, November 2009, 244—66 
Ekaterina У Karniouchina, Wiliam L Moore, & Kevin J Cooney 


STRATEGIC MARKETING 


154 Are Product Returns a Necessary Evil? Antecedents and 
Consequences 
Vol 73, No 3, May 2009, 35-5] 
J Andrew Petersen & V Kumar 


155 Brand Portfolio Strategy and Firm Performance 
Vol 73, No 1, January 2009, 59--74 
Neil A Morgan & Lopo L Rego 


156 Competing Loyalty Programs Impact of Market Saturation, Market 
Share, and Category Expandabulity 
Vol 73, No 1, January 2009, 93-108 
Yuping Liu & Rong Yang 


157 Conceptualizing and Measuring the Monetary Value of Brand Exten- 
sions The Case of Motion Pictures 
Vol 73, No 6, November 2009, 167—83 
Thorsten Hennig-Thurau, Mark В Houston, & Torsten Heijans 


158 Consumer-Based Brand Equity and Firm Risk 
Vol 73, No 6, November 2009, 47-60 
Lopo L Rego, Matthew T Billett, & Меп A Morgan 


159 Customer Satisfaction and Stock Returns Risk 
Vol 73, No 6, November 2009, 184-97 
Кари R Тий & Sundar G Bharadwaj 


160 The Debate over Doing Good Corporate Social Performance, Strate- 
gic Marketing Levers, and Firm-Idiosyncratic Risk 
Vol 73, No 6, November 2009, 198-213 
Xueming Luo & СВ Bhattacharya 


161 Does а Firm's Product-Recall Strategy Affect Its Financial Value? An 
Examination of Strategic Alternatives During Product-Harm Crises 
Vol 73, No 6, November 2009, 214-26 
Yubo Chen, Shankar Ganesan, & Yong Lu 


162 The Effect of Superstar Software on Hardware Sales in System 
Markets 
Vol 73, No 2, March 2009, 88-104 
Jeroen LG Binken & Stefan Stremersch 


163 Evaluating the Financial Impact of Branding Using Trademarks A 
Framework and Empirical Evidence 
Vol 73, No 6, November 2009, 154-66 
Alexander Krasnikov, Saurabh Mishra, & David Orozco 


164 Expanding the Role of Marketing From Customer Equity to Market 
Capitalization 
Vol 73, No 6, November 2009, 119-36 
V Kumar & Denish Shah 


165 Guest Editorial Is Marketing Academia Losing Its Way? 
Vol 73, No 4, July 2009, 1-3 
David J Reibstein, George Day, & Jerry Wind 


166 How Brand Community Practices Create Value 
Vol 73, No 5, September 2009, 30—51 
Hope Jensen Schau, Albert M Mufüz Jr, & Eric J Arnould 


167 The Impact of Customer Relationship Management Implementation 
on Cost and Profit Efficiencies Evidence from the US Commercial 
Banking Industry 

Vol 73, No 6, November 2009, 61—76 
Alexander Krasnikov, Satish Jayachandran, & V Kumar 


168 Marketing Strategy and Wall Street Nailmg Down Marketing’s 
Impact 
Vol 73, No 6, November 2009, 115-18 
Dominique М Hanssens, Roland Т Rust, & Rajendra К Srivastava 


169 Marketing Under Uncertainty The Logic of an Effectual Approach 
Vol 73, No 3, May 2009, 1-18 
Stuart Read, Nicholas Dew, Saras D Sarasvathy, Michael Song, & 
Robert Wiltbank 


170 The Role of Customer Gratitude 1n Relationship Marketing 
Vol 73, No 5, September 2009, 1-18 
Robert W Palmatier, Cheryl Burke Jarvis, Jennifer R Bechkoff, & 
Frank R Kardes 


171 Understanding the Marketing Department’s Influence Within the Firm 
Vol 73, No 2, March 2009, 14—37 
Peter С Verhoef & Peter S Н Leefiang 


SYSTEM MARKETS 


172 The Effect of Superstar Software on Hardware Sales ın System 
Markets 
Vol 73, No 2, March 2009, 88-104 
Jeroen LG Binken & Stefan Stremersch 


THEORY AND PHILOSOPHY OF SCIENCE 


173 Marketing Under Uncertainty The Logic of an Effectual Approach 
Vol 73, No 3, May 2009, 1-18 
Stuart Read, Nicholas Dew, Saras D Sarasvathy, Michael Song, & 
Robert Wiltbank 


174 What Does It Take to Get Promoted 1n Marketing Academia? Under- 
standing Exceptional Publication Productivity 1n the Leading Market- 
ing Journals 

Vol 73, No 1, January 2009, 122-32 
Steven Н Seggie & Рама A Griffith 


WORD OF MOUTH 


175 The Role of Hubs in the Adoption Process 
Vol 73, No 2, March 2009, 1-13 
Jacob Goldenberg, Sangman Han, Donald R Lehmann, & 





Jae Weon Hong 
Item Item 
Number Number 

Ahearne, Michael 110, 118, 145 Challagalla, Goutam 51, 109, 121 
Anderson, Епп 27, 82, 143 Chandon, Pierre 4, 35, 140 
Antia, Kersi D 28, 91, 100 Chandy, Rajesh K 84, 117, 127 
Arnould, Eric J 22, 36,166 Chen, Jianqing 1, 64, 122 

Chen, Yubo 73, 103, 161 
Balachander, S 95, 138 Chung, Seh Woong 42, 58, 129 
Basuroy, Suman 3, 20, 74 Commun, Suraj 23, 45, 83 
Bechkoff, Jennifer К 29, 133, 170 Cooney, Kevin J 5, 37, 153 
Bezawada, Ram 95, 138 Coughlan, Anne T 27, 82, 143 
Bharadwaj, Sundar 6 7, 48, 76, 159 
Bhattacharya, C B 19, 131, 160 Danielova, Anna 9, 25, 105 
Bymolt, Tammo H A 31, 54, 136 Day, George 62, 96, 165 
Billett, Matthew T 18, 77, 158 Dew, Nicholas 56, 169, 173 
Binken, Jeroen L G 87, 162, 172 Diamond, Nina 13, 30, 134 
Borghini, Stefania 13, 30, 134 
Bornemann, Torsten 49, 108, 120 Ferraro, Rosellina 38, 55, 142 
Bradlow, Eric T 4, 35, 140 Franke, Nikolaus 43, 69, 130 
Brakus, J Joško 14, 32,75 Frazıer, Gary L 28, 91, 100 
Brown, Lawrence H 85, 99 
Bucklin, Randolph E 65, 102, 106 Ganesan, Shankar 73, 103, 161 

Goldenberg, Jacob 81, 128, 175 


Subject and Author Index to Volume 73 / 273 


о 


Grégoire, Yany 
Gnffith, David A 
Grinstein, Amir 


Han, Jin K 
Han, Sangman 
Hanssens, Dominique M 


Heitjans, Torsten 
Hennig-Thurau, Thorsten 


Herzog, Walter 
Homburg, Christian 


Hong, Jae Weon 
Houston, Mark B 
Hoyer, Wayne D 
Huang, Peng 
Hutchinson, J Wesley 


Iacobucci, Dawn 
Inman, J Jeffrey 


Jacobson, Robert 
Jarvis, Cheryl Burke 
Jayachandran, Satish 
Joshi, Ashwin W 


Kannan, PK 

Kardes, Frank R 
Karniouchina, Ekaterina У 
Keinz, Peter 

Kim, Ju-Young 

Kohli, Ajay К 

Kozinets, Robert V 
Krasnikov, Alexander 
Kumar, V 


Lam, Son K 
Leeflang, Peter S H 
Legoux, Renaud 
Lehmann, Donald R 
Li, Shibo 

Libai Barak 

Liu, De 

Lau, Yong 

Liu, Yuping 

Luo, Xueming 
Lune, Nicholas H 
Lutz, Richard J 


Maltz, Elliot 
McGrath, Mary Ann 
Melnyk, Valentyna 
Mishra, Saurabh 
Mitra, Sabyasachi 
Mittal, Vikas 

Mizik, Natalie 
Moe, Wendy W 
Moore, William L 
Moorman, Christine 
Morgan, Neil A 


Morhart, Felicitas M 
Muller, Eitan 
Muñız, Albert M , Jr 


Natter, Martin 
Nisan, Udi 


Ofir, Chezy 
Orozco, David 


274 / Journal of Marketing, November 2009 


44, 53, 70 
79, 97, 174 
2, 33, 114 


42, 58, 129 

81, 128, 175 

6, 63, 104, 126, 148 
168 

17, 124, 157 

17, 34, 124, 139, 151, 
157 

16, 150 

46, 49, 60, 108, 111, 
119, 120, 146, 149 

81, 128, 175 

17, 124, 157 

111, 119, 146 

40, 68, 80 

4, 35, 140 


27, 82, 143 
38, 55, 142 


71 

29, 133, 170 
88, 132, 167 
26, 101, 116 


95, 138 

29, 133, 170 

5, 37, 153 

43, 69, 130 

50, 123, 152 

51, 61, 109, 121 

13, 30, 134 

21, 88, 132, 163, 167 

59, 88, 92, 107, 132, 
135, 154, 164, 167 


110, 118, 145 
93, 112, 171 
44, 53, 70 
81, 128, 175 
67 

24, 90, 147 
1, 64, 122 
73, 103, 161 
86, 94, 156 
19, 131, 160 
40, 68, 80 
72, 113, 137 


28, 91, 100 
13, 30, 134 
31, 54, 136 


66, 89, 141 

5, 37, 153 

98 

15, 18, 47, 77, 155, 
158 

16, 150 

24, 90, 147 

13, 22, 30, 36, 134, 
166 


50, 123, 152 
2, 33, 114 


39, 52, 57 
21, 163 


Palmatier, Robert W 
Pauwels, Koen 


Peloza, John 

Peres, Renana 
Petersen, J Andrew 
Prabhu, Jaideep С 


Read, Stuart 
Rego, Lopo L 


Reibstein, David J 
ЕлпаПо, Diego 
Rindfleisch, Aric 
Robertson, Diana C 
Rouziés, Dominique 
Rudolph, Thomas 
Rust, Roland T 


Sarasvathy, Saras D 
Schau, Hope Jensen 
Schmitt, Bernd H 
Seggie, Steven H 
Shah, Denish 
Shang, Jennifer 
Shankar, Venkatesh 
Sherry, John F, Jr 
Silva-Risso, Jorge 
Simonson, Itamar 
Sohn, Yong Seok 
Song, Michael 
Spann, Martin 
Snnivasan, Kannan 
Srinivasan, Shuba 
Srivastava, Rajendra К 
Steger, Christoph J 
Steiner, Viviana V 
Stremersch, Stefan 


Sun, Baohong 
Swamunathan, Vanitha 


Tadikamalla, Pandu 
Tellis, Gerard J 

Tipton, Martha Myslinski 
Tomczak, Torsten 
Totzek, Dirk 

Tnpp, Thomas M 
Trusov, Michael 

Tuli, Kapil R 


Van Dick, Rolf 

Van Dyck, Walter 

Van Osselaer, Styn M J 
Venkatesh, R 

Verhoef, Peter C 


Wagner, Tillmann 


Weitz, Barton A 
Whinston, Andrew B 
White, Katherine 
Wheseke, Jan 


Wiles, Michael A 
Wiltbank, Robert 
Wind, Jerry 
Winer, Russell S 


Yang, Rong 

Yang, Sha 

Yildirim, Tuba Pinar 
Yoon, Song-Oh 
Young, Scott H 


Zarantonello, Lia 


29, 133, 170 

6, 65, 102, 106, 126, 
148 

8, 41, 115 

24, 90, 147 

59, 135, 154 

84, 117, 127 


56, 169, 173 

15, 18, 47, 77, 155, 
158 

62, 96, 165 

3, 20, 74 

28, 91, 100 

7, 76 

27, 82, 143 

34, 139, 151 

63, 104, 168 


56, 169, 173 
22, 36, 166 
14, 32, 75 
79,97, 174 
92, 107, 164 
85, 99 
95, 138 
13, 30, 134 
6, 126, 148 
39, 52, 57 
42, 58, 129 
56, 169, 173 
50, 123, 152 
67 
6, 126, 148 
63, 104, 168 
43, 69, 130 
46, 60, 149 
78, 87, 125, 144, 162, 
172 
67 
98 


85, 99 

84, 117, 127 
7, 76 

16, 150 
46, 60, 149 
44, 53, 70 
65, 102, 106 
48, 159 


110, 118, 145 
78, 125, 144 
31, 54, 136 
51, 109, 121 
93, 112, 171 


34, 72, 113, 137, 139, 
151 

72, 113, 137 

1, 64, 122 

8,41, 115 

49, 108, 110, 111, 
118, 119, 120, 145, 
146 

9, 25, 105 

56, 169, 173 

62, 96, 165 

38, 55, 142 


86, 94, 156 
66, 89, 141 
85, 99 

39, 52, 57 
4, 35, 140 


14, 32, 75 


The Chief Marketing Officer Institute 
is Pleased to Announce the Publication of: 


The Chief Marketing Officer Journal 
өөө. 


A peer-reviewed book published annually and featuring: 


> Cutting-edge Research on the Leadership Challenges Facing Marketing Executives 
> Timely Insights from High-Profile Practitioners 


> Provocative Interviews with the World’s Most Respected Marketing Experts 


The CMO Journal is published by The Chief Marketing Institute and distributed through 
an exclusive arrangement with the American Marketing Association. AMA members 
receive a 30% discount off the cover price. Visit www. MarketingPower.com/CMO to order 


your copy of Volume I of this important new publication and learn more about the 
2009 Call for Chapters. 


AMERICAN 
MARKETING 
ASSOCIATION 


[e e e) А 
The CMO Institute 
www ChiefMarketingOfficer com 








ie BOOKS FROM THE . 
| MARKETING SCIENCE INSTITU 
pem ERU m 


Relevant Knowledge Series | 





NEW: Innovation Diffusion and New Product Growth 
EITAN MULLER, RENANA PERES, AND VIJAY MAHAJAN (Coming m Foll 2009) 


Reviews the diffusion literature as well as current “knowledge gaps " With a focus on recent work on social influences, 
Innovation Diffusion and New Product Growth develops а unified framework for understanding how diffusion occurs in 






MARKETING 
SCIENCE 













complex markets today КЕТИ ад 
i ase š SEEMS Generalizations 
NEW: Empirical Generalizations about Marketing Impact: б odii: about Marketing 
What We Have Learned from Academic Research Impact 







EDITED BY DOMINIQUE M HANSSENS (2009, 103 pages) . 


What we have learned from 
academic research 
















Surveys the academic research to determine “what we know" about the impact of Innovation ut. 
marketing activities on product and company performance With more thon 80 Diffusion and DOMINIQUE M HANSSENS 
contributions, Empincal Generalizatrons about Marketing Impact summarizes current New Product 






Growth 








knowledge about the impact of marketing spending on a variety of performance metrics 


ALSO IN THE SERIES 


Relationship Marketing Pricing 
Robert W Polmatier (2008, 142 pages) Russell S Winer (2005, 82 pages) 


Social Networks and Marketing Service Quality 
Christophe Van den Bulte and Stefan Weyts Valarne A Zeithaml and A Porasurargan 











EITAN MULLER 
RENANA PERES 


SOM FOR 2009 












(2007, 127 pages) (2004, 86 pages) т 
Marketing Metrics and Branding and Brand Equity | | 
Financial Performance Kevin Lone Keller (2002, 86 pages) оноро Ын act hea i 
Donald R Lehmann опа David J Reibstein | 


Sales Promotion \ 



































HUMUS) Scott A Nesin (2002, 98 pages) — и umm | Д 

Assessing Marketing | ; 

Strategy Performance | 

More Кот MSI  : | 

Essential Readings 

Essential Readings in Marketing кз која ) 

EDITED BY LEIGH MCALISTER, RUTH М BOLTON, AND ROSS RIZLEY ` засы | E 

Abstracts of over 200 award-winning papers, organized by research topic, with chapter | | ^ 

introductons providing context and insight (2006, 196 pages, $30) 

Assessing Marketing Strategy Performance = | 
EDITED BY CHRISTINE MOORMAN АМО DONALD R LEHMANN 

In 13 chapters, authored by leading marketing scholars, offers a powerful set of tools — | ; 

from stock return response modeling to historical analysis — to help researchers —_- | | 

investigate how marketing influences firm performance (2004, 292 pages, $35) i | 


Buy Essential Readings in Marketing and Assessing Marketing Strategy Performance together — Price for Qualified Academics $50 


To order: www.msi.org МЕ - 


MARKETING SCIENCE INSTITUTE 


